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Discrete time analogues of ergodic stochastic differential equations
(SDEs) are one of the most popular and flexible tools for sampling high-
dimensional probability measures. Non-asymptotic analysis in the L
Wasserstein distance of sampling algorithms based on Euler discretisations of
SDEs has been recently developed by several authors for log-concave prob-
ability distributions. In this work we replace the log-concavity assumption
with a log-concavity at infinity condition. We provide novel L? convergence
rates for Euler schemes, expressed explicitly in terms of problem parame-
ters. From there we derive nonasymptotic bounds on the distance between
the laws induced by Euler schemes and the invariant laws of SDEs, both for
schemes with standard and with randomised (inaccurate) drifts. We also ob-
tain bounds for the hierarchy of discretisation, which enables us to deploy a
multi-level Monte Carlo estimator. Our proof relies on a novel construction of
a coupling for the Markov chains that can be used to control both the LY and
L2 Wasserstein distances simultaneously. Finally, we provide a weak conver-
gence analysis that covers both the standard and the randomised (inaccurate)
drift case. In particular, we reveal that the variance of the randomised drift
does not influence the rate of weak convergence of the Euler scheme to the
SDE.

1. Introduction. Our primary aim is to study nonasymptotic properties of Markov
chains that typically arise as approximations of ergodic solutions of stochastic differential
equations on R?. The simplest example is a process (X 152 defined as

(1.1 iXk+1 = X +b(Xp)h +Vhéy k>0,

X0 ~ o,

where i > 0 is the discretisation parameter and (§)7; are i.i.d. random variables with the
standard normal distribution N (0, 7). Here pg € Pr(RY), the space of square integrable
probability measures on R and b: RY — RY is a drift function. We use the notation
L(Xy) := Law(X}) and our main goal is to quantify convergence of £(Xy) using the L”-
Wasserstein distance with p € {1, 2}, defined for probability measures u, v € P, (RY) as

1/p
1.2 W,(un,v) = inf —y|Pr(dxd ,
(1.2) pavy=(_nt [ = ypaaxay)
where I1(u, v) denotes the family of all couplings between p and v, that is, all measures on
AR x R?) such that 7 (B x RY) = (B) and 7 (R? x B) = v(B) for every B € B(RY).
Here | - | = 4/{(-, -) is the Euclidean distance on R?. We will also work with a special class of
L'-Wasserstein (pseudo) distances denoted by W ¢ in which the Euclidean distance |x — y| is
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replaced by f(]x — y|) for some increasing function f : [0, o0) — [0, c0). Namely, we put
Wi, v) i=infren(uv) Jraxrae f(Ix — yD)(dx dy). We remark that Wasserstein distances
are typically preferred metrics when quantifying the quality of sampling methods, see [1, 7,
20].

Convergence in Wasserstein distances is typically investigated under the contractivity con-
dition on the drift, that is, under the assumption that there exists a constant K > 0 such that

(1.3) (x —y,b(x) =b(y)) < —K|x —y|* forallx,yeR’

If b(x) = —VU (x) forafunction U € C 2(R?), this condition corresponds to strong convexity
of U, whereas a probability measure p such that p(dx) ocexp(—U (x)) dx is then called log-
concave. Convergence analysis for several sampling algorithms under condition (1.3) and the
Lipschitz continuity of the drift has been recently performed in the L?-Wasserstein distance
in papers such as [2, 3, 7, 10].

In this work instead of (1.3) we work with the following assumptions.

ASSUMPTIONS 1.1 (Contractivity at infinity). Function b : RY — R satisfies the fol-
lowing conditions:

(i) Lipschitz condition: there is a constant L > 0 such that
(1.4) lb(x) —b(y)| < L|x —y| forallx,yeR
(i) Contractivity at infinity condition: there exist constants K, R > 0 such that

(1.5) (x —y,b(x) —b(y))<—K|x — y|> forallx,ye R with |x — y|>R.

This enables us to cover a much wider class of SDEs, including for example, equations
with drifts given by double-well potentials (see the example in Section 2.1). We will show in
Section 2.1 that tools typically used in the global contractivity setting to study convergence in
Wasserstein distances, such as the synchronous coupling and Talagrand’s inequality, do not
necessarily work under Assumptions 1.1. This forces us to look for an alternative approach.

Our method is based on the idea of controlling the standard Wasserstein distances W
and W, by specially constructed (pseudo) distances Wy based on functions f : [0, 00) —
[0, co0) that are concave on a compact interval and strictly convex at infinity. In order to
briefly introduce our approach, let us focus on a single step Xj of an Euler scheme started
at x € RY, that is, X; =x+b(x)h + \/I_zé‘, where £ ~ N (0, I). If we now choose y € R4,
y # x and consider Y, hy =y 4 b(y)h + ~/hn with an arbitrarily chosen n ~ N(0, I), then
L(Yhy )=L(X }yl ) and straight from the definition of the Wasserstein distance W we see that
W (LX), L(X;)) <Ef (X5 —Y; ), since the joint law of (X}, ¥;) is a coupling of L(X})
and £(X % ). Hence in order to obtain sharp upper bounds on W (L(X3), £(X z )), one needs
to be able to find pairs (X7, Y, hy ) that make E f(]1X; — Yhy |) as small as possible by choosing
the joint distribution of (£, ) in an appropriate way. However, in the present paper we are
interested not only in quantifying distances between laws of Euler schemes started at different
points, but also in distances between laws of Euler schemes and their perturbed versions.
Namely, let Y be an arbitrarily chosen random variable. Under Assumptions 1.1 we are able
to prove the following inequality (see Theorem 2.5 and the comments after its proof) for all
sufficiently small # > 0 with constants ¢, C > 0:

(1.6) Ef(|Xi—F)) <A —=ch)f(x—y)+C(1+Ix—y)(E]Y - V)| +E|]Y - ¥ ).

The idea behind this result is that if ¥ is chosen as a perturbation of Y, hy such that we can
control the distance between Y and Y, hy in the L! and L? norms, then we can also control the
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distance between ¥ and X7, viaan auxiliary pseudo distance function f that dominates all L”
distances for p € [1, 2]. The exact form of the function f and all the constants will be given
in Theorem 2.5. The important fact is that the function f is chosen in such a way that there
exist constants a, A such that r < af (r) and r? < Af(r) forr € [0, 00) (see Lemma 2.3) and
hence (1.6) yields bounds for W; and W, distances.

Our inequality (1.6) is related to other perturbation results for Wasserstein distances, see
the discussion in Section 2.3 of [15] and papers such as [22, 38, 43]. As we explain in the
sequel, examples of processes that we consider in this paper as perturbed versions of Euler
schemes include an SDE (Section 2.3), an Euler scheme with a randomised drift (Section 2.4)
and an Euler scheme with a different discretisation level (Section 2.5).

The Markov chain given by (1.1) arises as a discretisation of a diffusion process given by

(1.7) dY; =b(Y;)dt +dWy,

where (W;);>¢ is a standard Brownian motion. Assumptions 1.1 guarantee that the solution
does not blow up on [0, 00), see Chapter 3 in [26]. It can be shown that the corresponding
semigroup is Feller and consequently the Krylov—Bogolyubov theorem yields the existence
of a unique invariant measure . We remark that the asymptotic results on the discretisation
of (1.7) in the context of approximating invariant measures are rather well understood. We
refer to [29, 36, 37, 47] for a thorough overview on that topic.

Working with the global contractivity (1.3) assumption and the Euler discretisation (1.1)
with either constant or variable time-step, several authors in a series of papers [4, 6, 9, 10]
obtained precise bounds on W) (L(X}), w) in terms of dimension and problem parameters.
These bounds have been then improved in [7]. Here we obtain precise convergence rates in
the L' and L?-Wasserstein distances working only with Assumptions 1.1. In particular, our
bound is reminiscent of the bounds in [7, 10] for the constant step size algorithms. Indeed we
show the following result.

THEOREM 1.2. Suppose that Assumptions 1.1 are satisfied. Then there exist a function
f and constants hg, ¢1, ¢3, C1, Ca, €1, ¢ > 0 such that for all h € (0, hg)

(1.8) W (L(Xy), ) < Co(1 — &b (Wi (L(Xo), 7)) /? + &k /4
and
(1.9) W1 (L(Xy), ) < C1(1 — &1h)*Wp(L(Xo), ) 4+ E1h!/2.

The precise values of all the constants and the formula defining the function f in Theo-
rem 1.2 will be given in Section 2.3.

Our next observation is that the perturbation inequality (1.6) sheds light onto stochastic
gradient algorithms or Langevin models with inaccurate/randomised gradients. Examples of
such processes have been used in [52] in the context of sampling and studied in [7, 34, 41, 48,
51]. We remark that randomisation is a successful technique that is known to improve conver-
gence properties for problems with nonsmooth coefficients [23, 27, 39]. We define a function
b:R? x R" — R?, Consider an R”-valued random variable U such that E[b(x, U)] = b(x)
forall x € R?. Let (6x)72, as before, be i.i.d. with & ~ N (0, /) and take i.i.d. copies (Uk)k=0
of U that are independent of (&;)72 ;. We define the following Markov chain:

a.10 )_ml =Xt +b(Xi. Uh + Vhéesr k20,

Xo~

Note that for each k, the random variable Xj is independent of Uy and that E[b(X & Up)l

X k] = b(X r). For each k we consider the conditional variance V[b(Xk, Uk)lX k=
[|b(Xk, Up) — b(Xk)| |Xk], which as we shall see plays a key role in our analysis in Sec-

tion 2.4. We need to impose the following assumption.
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ASSUMPTION 1.3 (Variance of inaccurate drift). There exist constants o, « > 0 such
that for any x € R4, any & > 0 and any random variable U such that E[b(x, U)] = b(x), we
have

(1.11) Elb(x,U) — b(x)|* <o?(1 + |x|?)h°.

Note that the dependence on & of the right-hand side of (1.11) is related to the choice
of the estimator . On the other hand, the constants o and « do not depend on i. We will
discuss how to verify Assumption 1.3 in the case where the drift is estimated by subsampling
in Example 2.15.

We can study properties of ()_(k),fozo by treating it as a perturbed version of (X;)72,,
given by (1.1). This allows us to study convergence of £(X) to 7. Indeed, using the fact
that W, satisfies the triangle inequality, we have W, (L(Xy), ) < Wa(L(Xy), L(Xy)) +
Wa(L(Xy), ) and the bound on Wa(L(X), £(Xy)) will follow from inequality (1.6). Hence
we obtain the following result.

_ THEOREM 1.4. Let Assumptions 1.1 and 1.3 hold. Then there exist constants hy, Ci,
C> > 0 such that for all h € (0, hg)

(1.12) Wa(L(Xp), ) < Wa(L(Xy), ) + Coh®/*
and
(1.13) W1 (L(Xp), ) < Wi(L(Xy), ) + C1h%/2,

The precise values of the constants and the proof of Theorem 1.4 can be found in Sec-
tion 2.4. Note that our bounds in Theorem 1.4 are of similar form as the bounds obtained
in Theorem 4 in [7] in a setting corresponding to the global contractivity assumption (1.3),
that is, in [7] the distance W»(L(Xy), ) is also bounded by Wa(L(Xk), ) plus an addi-
tional error term coming from the use of an inaccurate drift. However, the error term in W> in
the global contractivity case in [7] is obtained under an assumption similar to our (1.11) with
o = 0 and is of order oh'/2, whereas our error term is of order o h%/* in W and o 2h%/% in W,
for « > 0 (dependence on o of the constants C; and C; can be easily traced in Section 2.4).
We believe that the worse order of the constants in our case is a necessary consequence of the
much more general contractivity at infinity assumption, however, it remains an open question
whether our constants are actually optimal. To our knowledge, the only related result without
assuming global contractivity of the drift was obtained in [41], see Proposition 10 therein, by
using functional inequalities. However, the estimates in [41] are not uniform in time.

Note that the bounds we obtain in Theorem 1.4 depend on the variance of the estimator b of
the drift b via h* appearing in (1.11). This is in contrast with the following weak convergence
result, which at least in the context of randomised Euler schemes seems to be new.

THEOREM 1.5. Let Assumption 1.3 hold. Let g € C®(R?, R) with polynomial growth
and assume that b € C3 has bounded derivatives and that there are constants My, My > 0
such that for all x € R¢ we have

(1.14) (x, b(x)) < My — My |x|?.
Furthermore, assume that for any p > 1 there is a constant C g > 0 such that for any x € R?
and for any random variable U with E[b(x, U)] = b(x) we have
(1.15) Elb(x, U)[" < CP(1 4 |x|7).
Then there exists a constant ¢y, > 0 independent of h such that
zgglE[g(Ykh)] —E[g(Xp)]| < cwh.
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Note that condition (1.14) is implied by (1.5); see also Lemma 2.11. Moreover, condition
(1.15) for all p > 1 is a relatively weak assumption that is implied for example by the Lips-
chitz continuity of b(-, U) (cf. (1.16)) and a moment bound on 5(0, U) for all U as in (1.15).
The proof of Theorem 1.5, unlike all the other results in this paper, does not rely on the per-
turbation inequality (1.6) and instead uses PDE methods and estimates from [47]. The proof
can be found in Section 4. The above result, in addition to being interesting on its own, will
be also applied in our analysis of Multi-level Monte Carlo (MLMC) in Section 2.5.

Nonasymptotic results on the L>-Wasserstein distance pave the way to the analysis of the
MLMC method, which is a variance reduction technique introduced in [21, 25] and [17].
Let w be the invariant measure of (1.7) and let g € C ®(R?, R) be Lipschitz. Our framework
allows us to consider multi-level type estimators of [pa g(x)7(dx), involving Euler schemes
with inaccurate drifts, which have been treated before only in [19]. However, the authors of
[19] considered exclusively the globally contractive case, whereas in the present paper we
employ the coupling method in order to deal with the more general contractivity at infinity
setting. The multi-level estimator will be introduced in detail in Section 2.5. For our results
on MLMC with inaccurate drift we need to impose additional assumptions.

ASSUMPTIONS 1.6 (MLMC with inaccurate drift). The function b : RY x R" — R4
satisfies the following conditions:

(1) Lipschitz condition: There is a constant L>0 such that for all x, y € R¢ and all
random variables U such that E[b(x, U)] = b(x) and E[b(y, U)] = b(y) we have

(1.16) |b(x,U) —b(y,U)| < L|x —y| as.

(ii) Contractivity at infinity condition: There exist constants K, R > 0 such that for all
X,y € R? with |x — y| > R and for all random variables U such that E[b(x, U)] = b(x) and
E[b(y, U)] = b(y) we have

(1.17) (x —y,b(x,U) —b(y,U)) < —K|x —y|* as.
We have the following result.

THEOREM 1.7. Let all the assumptions of Theorem 1.5 hold. Additionally, sup-
pose that Assumptions 1.6 are satisfied and that g is Lipschitz. Then for the estima-
tion of [pa g(x)7w(dx) by MLMC with inaccurate drift we have computational complexity
O(e~ 2~ U=mintl.a}/2) 100 €) with a given in (1.11), as opposed to complexity O(e 3 loge) in
the standard Monte Carlo approach.

The proof of Theorem 1.7 and a detailed description of our MLMC estimator can be
found in Section 2.5. Note that our results apply also to MLMC for Euler schemes with
nonrandomised drifts. There & = oo and we obtain a gain in complexity from O(e > loge€)
to O(e~>/?1log€) under Assumptions 1.1.

REMARK 1.8. While we were working on the present paper, Fang and Giles in [16]
independently obtained results on MLMC for SDEs with nonglobally contractive drifts using
a change of measure argument. Their approach, contrary to ours, does not aim at obtaining
bounds on the variance that are uniform in time. While their variance grows linearly with
time, they have better strong convergence rates and hence in the accurate drift case overall
complexity of their algorithm is better than here. However, our framework is more flexible
and allows us to cover also Euler schemes with inaccurate drifts.
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REMARK 1.9. While completing this work, the paper [5] appeared, where results anal-
ogous to our Theorem 1.2 were obtained under assumptions on the drift similar to ours,
although only in the L'-Wasserstein distance. More precisely, the focus in [5] is on determin-
ing the smallest number of iterations of the Euler scheme required to approach the invariant
measure of the SDE (1.7) in the W distance with precision ¢. In our setting, we can infer
from our Theorem 1.2 that this number of iterations is of order O(d/ ¢2), which is the same as
in [5]. To see this, note that the constant & in (1.9) is of order O(+/d), cf. (2.29) and (2.35),
and hence a similar analysis as in the proof of Theorem 2.1 in [5] gives the required result.
Interestingly, for an analogous problem in the L?> Wasserstein distance, our estimates give us
a required number of iterations of order O(d*? / %), since the constant & in (1.8) is also of
order O(\/E), but is multiplied by h'/* instead of h'/2. However, we do not know whether
this result is sharp or just an artifact of our proof. We are not aware of any comparable esti-
mates in the W distance in the nonconvex setting in the literature. Furthermore, we remark
that determining optimality of such bounds is usually a nontrivial task, as it requires finding
lower bounds for the Wasserstein distances; see, for example, Example 4 in [13] for a related
discussion in the diffusion case.

2. Contractivity of Euler schemes and applications. Before we present our results in
detail, let us briefly discuss why the classical methods may fail if we do not assume global
log-concavity.

2.1. Motivation.

Synchronous coupling. It is well known that under the global convexity assumption (1.3)
on the drift, we can show that Euler schemes are contractive in the L? distance just by apply-
ing the synchronous coupling. Namely, if we have

(2.1) X' =x+hb(x)+vVhZ=:%+VhZ,
where Z ~ N (0, I) and we define
Y :=y+hb(y)+vVhZ=5+VhZ,
then for all sufficiently small /2 we obtain
Ejx -y =& - 3P < —ch)x—yP

for some constant ¢ € (0, 1). However, under the dissipativity at infinity assumption (1.5) the
synchronous coupling is no longer sufficient. As a one-dimensional example, consider the
function

Ux):= xz(gn (x))2 +a%— 2axg,(x)
for some parameters a > 0 and n > 1, where
—n ifx e(—o0, —n),

gn(x):=1x if x € [—n, n],
n if x € (n, 00).

The function U is constructed by truncating the function x — (x> — a)? so that U’ is Lips-
chitz. We consider the drift

b(x)=-U(x).
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It is easy to check that b satisfies the dissipativity at infinity assumption. Indeed, when |x]|,
|y| < n then we have

(2.2) (x — ,b(x) = b(y)) = —4(x — y)* (x> + xy + y> — a)

and we see that there exist constants Ry, C > O such that we have
[x =y, b(x) = b(y) < —Clx — )’
when |x — y| > Rg. Similarly, when |x|, |y| > n, we get

[x — . b(x) — b)) = —2n(x — »)* + m(ﬁ _ ﬁ)( —)

and again if the distance |x — y| is large enough, then the desired inequality holds. When
y > n > x then the dissipativity condition

(—4)63 + 4ax + 2ny — 2an|y—|>(x —y)<—-C(x— y)2
y
is equivalent to

—4x3 4+ 4a+C)x+2n—C)y — 2anﬁ >0,
y

which we can make sure is satisfied by choosing the parameters in an appropriate way, and the
other cases follow by symmetry. However, from (2.2) we also see that there exist constants
R1, Ry > 0 such that when |x|, |y| < Ry and |x — y| < R», we have

(x —y,b(x) —b(»)) > Ci(x — y)*

for some constant C; > 0. Hence we see that if we use the synchronous coupling for our
Euler scheme, we end up having

2 A oA 2
E[X' = Y'|"=1% =51 = |x =y + h*[b(x) = b)[" + 21 (b(x) = b(»))(x — y)
> |x — y[> +20Cy|x — y|?
and thus we cannot have a contraction.
Talagrand inequality. An alternative approach to proving contractivity of Euler schemes
in the L2-Wasserstein distance in the global convexity setting relies on the fact that the Gaus-
sian measure p with covariance matrix ¥ satisfies the Talagrand inequality with the constant

being the largest eigenvalue Amax (X), that is, for any measure v absolutely continuous with
respect to 1 we have

dv
(2.3) Wa(v, 1)? < 2Amax (Z) H (0| 10) = 2Amax (%) f log d dv;

see, for example, [46], or page 2726 in [8] and the references therein. Namely, taking v =
N(x 4+ hb(x),hl) and u = N(y + hb(y), h1) we have

—(z — (x + hb(x)))? (z— (y + hb()))?
o )exp( T )v(dz)

HW|p) = /logexp(

= / 2 4+ 22(x + hb(x)) — (x + hb(x))?)
+ (22 = 22(y + hb () + (v + hb(3))?)v(d2)

1
= o (e + hb(0)) = 2(x +hb)(y + b)) + (3 + hb(1)))

1
=5 (e +hb(0) =y — hb(y))*
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and hence the right-hand side of (2.3) is equal to (X — )7)2. In the global convexity setting this
can be bounded from above by (1 — ch)|x — y|? for all sufficiently small 4 > 0. However,
in the nonconvex setting we can use the same example as the one presented above, where
(X — $)? is bounded from below by |x — y|?> 4+ 2hCy|x — y|> with some C; > 0. This shows
that the approach via Talagrand’s inequality fails as well.

2.2. Coupling and Wasserstein (pseudo) distances. The random vector (X7, Y, hy ) in (1.6)
is an example of a coupling of random variables. Constructing different random objects with
the same distributions is a widely applied tool in probability theory; see, for example, [30,
49] for general overview and [15, 35] and the references therein for other examples of appli-
cations of couplings to sampling algorithms.

In a series of works [12, 13], Eberle used the reflection coupling for diffusions to prove W
contractivity for the SDE (1.7) under Assumptions 1.1. More precisely, he proved that there
exists a constant A > 0, expressed explicitly in terms of problem parameters, such that

(2.4) Wi(L(YF), £(Y))) < e ™ Wi (u, v),

where Y/* denotes the solution to (1.7) with Yy ~ u. By taking v = 7 in (2.4), that is, by
initialising the process at the invariant measure &, one immediately obtains geometric con-
vergence rate of the law of the process (¥;);>¢ to its stationary measure.

In the present paper we extend the ideas from [15], where results analogous to the ones
from [13] have been obtained directly on the level of the Markov chain (1.1) in Wy, by em-
ploying a suitably chosen coupling and constructing a special Kantorovich (L'-Wasserstein)
distance, see Section 2.4 therein. Here we introduce a novel coupling construction and a new
Wasserstein-type pseudo-distance, which allows us to obtain L2 bounds on (1.1) as well as
on its perturbed version, and hence to analyse convergence of several sampling algorithms
presented below.

One of the benefits of working with the L?-Wasserstein distance is that through the Kan-
torovich duality theory (see, e.g., Theorem 5.10 in [50]) it significantly extends the class of
functions g for which we can obtain explicit convergence rates of functionals g(Xj) of Euler
schemes (1.1). When working with the L! Wasserstein distance, duality theory gives access
only to Lipschitz functions, whereas in our setup we can also consider for example, functions
of quadratic growth. Moreover, L? bounds are necessary for our analysis of the variance of
multi-level Monte Carlo estimators in Section 2.5.

We fix & > 0 and we consider one step of the Euler scheme for the equation (1.7), started
at a point x € R?, that is, we have a random variable X’ given by

(2.5) X =% ++hZ,
where
X=x+hb(x)

is the deterministic movement due to the drift » and Z ~ N(0, ), where [ is the d x d
identity matrix. Hence we have X’ ~ N (x + hb(x), hI). For a given point y # x, we want
to construct a new random variable Y’ that will have the distribution N (y + hb(y), hI). We
define

y=y+hb(y)

and

~>
Il

B
|

<>
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We want to define a coupling of the random movement (x, ) — (X', Y’). Note that in [15]
bounds in L' were obtained by choosing

X' if & < (@5,01(X") A @z.01 (X)) /02 01 (X)),
S+ ResVhZ it &> (05.0(X)) A@znr (X)) /0snr(X).

Here ¢ is a uniformly distributed random variable on [0, 1] independent of Z, Ry y =1 —
2(x — y)(x — y)T /|x — y|? is the reflection operator with respect to the hyperplane spanned
by (x —y)/|x — y| (note that if the dimension d = 1 then Ry yu = —u for any u € R) and
@..4(u) is the density of N(z, A) for z € R? and A € R¥*?. We call (2.6) the mirror coupling.

Note that this type of coupling is related to the one used in the optimal transport theory
in [32], where it was shown to be the optimal coupling for all concave costs in the one-
dimensional case, for a class of probability measures that includes Gaussian measures (but
is in fact much broader). This makes (2.6) the right choice of coupling for obtaining opti-
mal bounds in concave Wasserstein distances. However, it needs to be modified to work for
convex distances such as W5.

In the present paper we use a combination of the synchronous coupling and the coupling
given by (2.6), defined in the following way.

We choose two parameters H > 0 and m > 0. If 7 > H, we choose the synchronous cou-
pling, that is, we set Y/ = $ 4+ +/hZ.If # < H, we compare the size of the jump (i.e., the size
of ~/h Z) with the parameter m. If |«/h Z| > m, we again define Y’ synchronously. Otherwise,
we use the variable ¢ to apply the mirror coupling defined by (2.6) to the Gaussians truncated
by m.

To be precise, we have

X =32+vhZ,

X if £ < (¢, (X) A @ (X)) /0l (X))
(2.7) and [vVhZ| <mand 7 < H,
Y’ = }A) + Rx'\’j}\/ﬁz lfé' > ((p;rfh[(X/) A (pg’l’hl(X/))/(pth[(X/)
and I\/EZ| <mand7 < H,
$+~hz if |[WVhZ|>mor? > H.

(2.6) Y =

Here <piA () = 1{jy—z|<m)@;,a(u). Note that we only need to evaluate (p;'fhl(X/) when

IVhZ| < m (or, equivalently, when | X’ — | < m) and hence we always have <p§'th(X’) £0,
which implies that all the quantities in (2.7) are well defined. It is easy to prove that (2.7)
is indeed a coupling of N(x + hb(x),hl) and N(y + hb(y), hl), see Theorem A.l in the
Appendix.

Note that Y’ defined above can be thought of as a function of the initial points x, y € R¢
and the random variable Z. It also depends on the truncation parameters m and H. In the
sequel we will use the shorthand notation

(2.8) Umu(x,y, Z):=Y'

for the random variable Y’ defined by (2.7).

Our goal is to expand on the methods introduced in [15], where, under the same assump-
tions on the drift b as in the present paper, the coupling (X', Y’) given by (2.6) was used in
order to obtain estimates of the form

Ef(X =Y]) =d=ch) f(lx = yI)

for a specially constructed increasing, concave function f. Since the function f in [15] is
comparable both from above and from below with a rescaled identity function, this implies
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bounds for the first moment E|X’ — Y’|, as well as contractivity of the laws of the Euler
scheme in a Kantorovich (L! Wasserstein) distance. The latter is a strong property with mul-
tiple important consequences; see, for example, [24], or the discussion in [15]. Here we use
a modified coupling and a different construction of a distance function f : [0, c0) — [0, 00),
which in our case is concave up to some r» > 0 and convex afterwards. This allows us to get
upper bounds for the second moment E| X’ — Y’|2; cf. Lemma 2.3.

Related work in the diffusion case has been done in [31], where the authors adapted the L!
bounds from [13] and obtained L? bounds for p > 1 under similar assumptions as in [13].
Here, however, we use a different, more direct construction of the auxiliary distance function
f. We also introduce a novel coupling construction, which is specific to the discrete time
case.

Before we formulate our main result, let us introduce some notation. We define positive
constants

172 1/2
co ::4min(/ u2(1 — e”_l/z)goo,](u) du, (1 — e_l)/ u3(p0,1(u) du),
0 0

where ¢ 1 is the density of N(0, 1), and

(2.9) ho := min

L? K 2L 27L*R?*’ 4 ' 144L°R?
where the constants L, K and R > 0 are all specified in Assumptions 1.1. Then we put
r1:= (1 4+ hoL)R and ry :=ry 4 +/hg. Finally, we choose the parameter

(K 4 1 2¢ln3 R? cg(1n2)2>

6Lr;
(2.10) a:=
o
and we construct our function f : [0, co) — [0, co) by setting
1
—(1—e™) ifr <,
(2.11) for) =19

1
E(l —e )+ Ze_‘"z (r2 — r22) ifr > rs.

Then we have the following result.

THEOREM 2.1. Let Assumptions 1.1 hold. For the coupling (X', Y') given by (2.7) with
parameters m = @ and H = ry and the function f given by (2.11), we have

(2.12) Ef(|X'=Y'|) < —=ch)f(lx —yl)
forall h € (0, hg), where

K 3e?ry K 9L%rf - 3L )
4’ é(l — e—an) 4’ 2cq ’ 16/ho '

The proof will be presented in Section 3. As an immediate consequence, we obtain bounds
in the W Wasserstein (pseudo) distance.

2.13) ¢ =min <e—a’2

COROLLARY 2.2. Let p(x, A) for x € R? and A € B(R?) denote the transition kernel
of X' given by (2.5) and let up(dy) := [ u(dx)p(x, dy) for any probability measure p on
RY. Under the assumptions of Theorem 2.1, we have

Wye(up,vp) < (1 —ch)Wy(u,v)
forall h € (0, ho) and for all ., v € P>(RY).
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The above result is a straightforward consequence of (2.12) and the definition of Wy, see
also the proof of Lemma 2.1 in [15].

An important feature of the function f given by (2.11) is that it is comparable from below
with the identity and the square functions. This allows us to obtain both L' and L? bounds
as an immediate consequence of Theorem 2.1.

LEMMA 2.3. We have
(2.14) r2<Af(r) and r<ef(r)

forallr € [0, 00), where

ar3
(2.15) A :=max| —=— 2re"? ).
1 —eam

PROOF. The second bound in (2.14) is obvious since f'(r) > e~ for all r > 0. Now
let us try to look for a constant A > 0 such that

(2.16) r3 < Af(r) =A2(1 — 7).

If this holds, then for any r < r; we have rt < Af (r). Hence we need A > ar%/(l — e 92),
Moreover, we need rZ = r% — r22 +ri< A%(l —e 42 AZ—ize_“’2 (r2 — r22) for any r > ro,
hence, using (2.16), we see that we need r? — r22 < Aie“” 2 (r2 — r22), which implies A >
2re?2. O

COROLLARY 2.4. Under the assumptions of Theorem 2.1, we have
Wa(up,vp) < A(1 —ch)Wy(u,v) and Wi(up,vp) <e”?(1 —ch)Wys(u,v)
for all h € (0, hg) and for all ., v € Pr(RY), where A is given by (2.15) and all the other

constants are as in Theorem 2.1.

An important consequence of Theorem 2.1 that turns out to be crucial for our applications,
is the following inequality.

THEOREM 2.5. Let (X', Y’) be the coupling given by (2.7) with parameters m = @
and H =ry and let f be the function given by (2.11), where all the constants are as specified
in Theorem 2.1. Let X be a random variable. Then

~ 1 ~
Ef(Y - %) < (1 —ch) £(ly —x]) +E[r—e—ar2|x/ _ x|2]
2.17) | 2
+E|:<l + ze_“r2(|y —x|(1+hL)+ \/%)>|X’ — X|]

PROOF. We have

Ef(Y = X)) = f(ly—x) =Ef (Y = X)) —Ef(|Y = X'|) +Ef(|¥' = X'|) - f(Iy — x]).

By (2.12) we know that Ef (|Y" — X'|) — f(ly —x|) < —chf (|y —x|) and hence it is sufficient
to focus on the expression E f(|Y' — X|) —Ef(]Y' — X’|). Since f is increasing, we have

2.18) Ef(Y —X|)-Ef(jY - X)) <Ef(|Y = X'|+|X' = X|) —Ef(|Y’ - X'|).
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We can now apply the Taylor formula to see that the right-hand side of (2.18) is equal to
Ef(¢)| X' — Y|, where ¢ € (|Y — X'|,|Y' — X'| + | X’ — X|). From the definition of f we
get f(¢) < %e_“r2|§| + el < %e‘““l;l + 1 and hence

Ef )X - X| fE[(i

e (Y = X'| + |X - X|) + 1>|x/ - 55|].
r

Now observe that due to our construction of the coupling (X', Y’) we have |Y' — X'| <
| — x| + 2m. This is because an increase in the distance between the two coupled processes
can happen in the random step (x, y) — (X', Y’) only due to reflection. However, reflection
happens only if the normal random variable Z takes a sufficiently small value and hence that
increase is bounded by 2m. Moreover, due to the Lipschitz condition (1.4) of the drift we have
|9 — x| < |y — x|(1 + hL). Recall that in order for (2.12) to hold, we choose m = /hg/2.
Combining all our estimates together, we arrive at (2.17). [

From the result above we see that if we choose X in such a way that we have control on
the first and the second moment of the distance between X and X', then we can get a good
bound on the distance between Y’ and X. Hence our result is useful for random variables X
that are small perturbations of X’. Note that the role of X’ and Y’ in the proof of Theorem
2.5 is symmetric, hence we immediately obtain (1.6). The reason for our choice of the form
of inequality (2.17) will become apparent in the proofs in Sections 2.3, 2.4 and 2.5.

We can also obtain a related perturbation result based on Theorem 2.12 from [15], which
is a result similar to our Theorem 2.1 but with a globally concave function f. This allows us
to get simpler formulas in cases where we only need L! bounds. Let us define ¢ = Ty 'LR
and

(1—e?) if r <rf,

(2.19) fi(r) =

(1 —e_qul) —{—e_qul(r —r) ifr>rf,

where rl1 =+ h(l)L)R with h(l) specified in Theorem 2.6. Then we have the following
result.

THEOREM 2.6. Let Assumptions 1.1 hold. Then for the coupling (X', Y') given by (2.7)
with parameters m = oo and H = 0o and the function f| given by (2.19), we have

(2.20) Efi(| X" =Y'|) < (1 —cih) fi(lx — yl)
forall h € (0, h(l)), where

K 245 49
c] = min(— —LZRZ) exp(——LR2> and
2 24cg 6¢o

. (1 K 1LR2 g 1 )
= —min , ————= .
T L 6L’ 3 970 L'R2

2.21)

Note that the exact statement of Theorem 2.12 in [15] is slightly different than Theorem 2.6
above, since the metric in [15] depends on /. This can be easily modified by replacing the
constant A = A (h) defined by (2.59) in [15] with L and r; = ry(h) defined by (2.65) therein
with rl1 =+ h(l)L)R. Then the proof in [15] easily carries over to our setting and we obtain
Theorem 2.6. We leave the details to the interested reader. More importantly, from inequality
(2.20) we can easily derive another perturbation result.
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THEOREM 2.7. Let Assumptions 1.1 hold and let X be a random variable. Then for all
h e (0, h(l)) we have

Ef (Y = X|) < =ch) fi(ly — x|) + E[X - X]|.

PROOF. Note that the function f] defined in (2.19) is concave (and hence subadditive),
increasing and its derivative is such that fl’ (x)ele " i , 1] for all x € R. Thus we get

Ef(Y — X)) <EA(Y — X'|+|x ~ X)) <EA(Y — X)) + EA (X - X))
< —chfi(ly —x|) +E| X' - X|. .

Even though most results in the present paper are based on the contractivity and the per-
turbation theorems presented above for Euler schemes X’ = x + hb(x) + /h Z, it may some-
times be useful to be also able to couple processes with inaccurate drift and obtain respective
counterparts of Theorems 2.1 and 2.5. In the sequel we will need such results only in Sec-
tion 2.5 where we treat multi-level Monte Carlo algorithms for the inaccurate drift case. To
this end, consider

(2.22) X' =x+hb(x,U)+~hZ

and define £ = x + hb(x,U) and y = y + hb(y, U), where the random variable U is in-
dependent of Z and such that Eb(x, U) = b(x) for all x € R?. Hence, we can still use the
prescription (2.7) to define a coupling (X, Y’) of two copies of (2.22) started from arbitrary
points x, y € RY by substituting & and § defined for b that appear in (2.7) with our new £ and
v defined for b. In other words, using similar notation as in (2.8), we have a new transforma-
tion

(223) Y/:‘ﬁm,H(-xayaU’ Z)

that we can use to couple two copies of the process given by (2.22). Since the statement
about equality of marginal laws in the coupling given by (2.7) is actually a statement about
the Gaussian steps X — X’ and y — Y’ and we assume independence of U and Z, in order to
prove that the pair (X', Y’) obtained via (2.23) is indeed a coupling of two copies of (2.22),
we can apply the reasoning from Theorem A.1 by replacing the expectation there with the
conditional expectation with respect to U. For the coupling (X', Y’) obtained this way, we
have the following result.

THEOREM 2.8.  Suppose Assumptions 1.6 are satisfied with constants K=K,R=R
and L = L > 0. Then for the coupling (X', Y") of two copies of (2.22) defined via (2.23) we
have

ELf(IX' =Y )UT< A =ch)f(x—yl) as.

forall h € (0, hg), with the same constants hg, c, m, H and the same function f as in Theorem
2.1. We also have the perturbation inequality (2.17) in the unchanged form, with (X', Y
replaced by (X', Y').

The proof of Theorem 2.8 will be presented in Section 3. Note that Theorem 2.8 actu-
ally implies Theorems 2.1 and 2.5, since the Euler scheme (2.5) can be easily interpreted
as a special case of the scheme (2.22) with inaccurate drift. Hence we need to prove only
Theorem 2.8.
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2.3. Unadjusted Langevin algorithm. In this section we will explain how to apply The-
orem 2.5 in order to obtain bounds on the distance between the invariant measure of the
solution (Y;);>¢ of the SDE

(2.24) dY; =b(Yy)dt +d Wy,

where (W;);>0 is a d-dimensional Brownian motion, and the laws of the Markov chain
(X172 given by

(2.25) Xiq1 = Xk + hb(Xy) + Vhér,

for all k > 0, where h > 0 is fixed and (§)72, are i.i.d. random variables with the standard
normal distribution.

If b(x) = —%VU (x) for a function U € C2(R?), then the equation (2.24) is called the
(overdamped) Langevin SDE. Its invariant measure is given by

exp(=U())dz
Jraexp(—=U (x)) dx’
see, for example, [9] or Example 1 in [13]. The method of asymptotic sampling from 7 by

using the Markov chain defined by (2.25) is called the Unadjusted Langevin Algorithm.
In order to proceed, let us first observe that

w(dz) =

(k+1)h
(2.26) Y+ vyn = Yen + /kh b(Yy)ds + Wut1yn — Win)

for all £ > 0. We have the following result.

THEOREM 2.9. Under the assumptions of Theorem 2.1, for any random variables X,
Yo, any k > 1 and for any h € (0, hg A %) we have
Wa(L(X3), LVin)) = (AL = ) Ef (1Xo — Yol)) /> + (@)mh”“,
whereas for any h € (0, h(l)) we have
(2.27) Wi (L(X0), LYin)) < et (1 — et E fi (1Xo — Yol) + &' ‘/CCITW

where c is given by (2.13), c¢1 and h(l) are given by (2.21), A is given by (2.15), Cqif is given
by (2.35) and Cyy is defined in (2.36). In particular, if Yo ~ 7, then for any k > 1 and any
he,hogA %) we have

A 1/2
(2.28) Wa(L(X1), ) < (Al — ch)*E £ (1 X0 — Yo))'/* + (&) hl/4,
c
whereas for any h € (0, h(l)) we have
(229)  Wi(L(X),7) < e (1= 1B fi(1Xo — Yol) + o7t XU 172
1

REMARK 2.10. Note that in Theorem 2.9 we apply our Theorem 2.1 only to obtain L?
bounds, while L! bounds are obtained using Theorem 2.6 taken from [15]. We could still
apply Theorem 2.1 in the L! case and obtain

Wi (LX), £Ve)) < (1 — ch)FE£(1Xo — Yol) + ¢ S p1/2
C

instead of (2.27). However, (2.27) gives us better dependence of the constants on the dimen-
sion d, since Cyy is of order O(d), whereas +/Cgi is of order O(V/d).
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PROOF OF THEOREM 2.9. We define
VhZs1 = W yn — Win
and consider an auxiliary process (S;)72, given by

(2.30) Skt = Yin +hb(Yi) + VhZiy.

We can think of (S;)72; as a process which at each step k is moved to the position of (Yi,)2 |
and then evolves in the same way as (2.25), with the random noise given by an increment of
the Brownian motion (W;);>0. Now consider a new process (G);=, coupled to (Sx)p2,
according to the prescription (2.7). Using the notation introduced in (2.8), we set

(2.31) Grt1 :=VYm HYin, Gy, Zis1).

We can alternatively describe (G);2, as

Giy1 = G+ hb(Gy) +VhZi1,

where (Zk+1)/fio are i.i.d. normally distributed random variables obtained through applica-
tion of the transformation . Note that if Gg ~ Xg, then for all k > 1 we have L(Gy) =
L(X).

We now want to apply Theorem 2.5 with Y’ = G411, y = G, X' = Sg+1, x = Yy, and
X = Y(k+1)n. Hence for all kK > 0 we obtain

Ef(IGk+1 — Yot ynl)

1 —ar: 2
(2.32) < =chEf(IGk = Yunl) +E[ge *[Sk+1 = Ykt 1yl }

|
+E[<1 +E€ “2(|Gx — Ykh|(1+h0L)+\/h70))|Sk+1 — Y(k+1)h|i|-

We need a few technical lemmas to bound the quantities appearing on the right-hand side.
All these lemmas work under Assumptions 1.1, with the exception of Lemma 2.13, where an
additional upper bound on # is needed.

LEMMA 2.11. Assumptions 1.1 imply that for all x € R? we have
(2.33) (b(x),x) < My — My|x|%,

where

Mo oe L R 21b(0)]\\? b0 R 2|b(0)] d Mo K
)= (max( TR )) —|—|()|max< TR ) an 1=

LEMMA 2.12.  Let (Y;);>0 be defined by (2.24) and let b satisfy Assumptions 1.1. Then
for any t > 0 we have

E|Y;|* < CspE,

where

2My +d

Cspk := E|Yo|?
SDE [Yol” + M,
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LEMMA 2.13.  Let (Xy)2, be given by (2.25). Let h < ho A K Then for all k > 1 we

412"
have
E|X¢|* < Cgu,
where
2ho|b(0))? +d + M
(2.34) Crut 1= E| X + 21010 2

My —2hoL?

Note that the bound obtained above applies also to the process (G);-, defined by (2.31),
since L(Gy) = L(Xy) for all k > 0.

LEMMA 2.14.  Let (Yin)32, and (Sp)i2, be defined by (2.26) and (2.30), respectively.
Then for any k > 0 we have

E[Sk+1 — Yarnynl® < Caieh?,

where

4h 2M, + 1
(2.35) Caif = L2<TO<<EIY0|2 + 7;4 )L2 + |b(0)|2> +d>.
1

Proofs of all the lemmas can be found in the Appendix.
Combining all the estimates from the lemmas, we can come back to (2.32) and we see that

1
Ef(1Gk+1 — Yasnnl) < (1 —c)Ef(IGk — Yinl) + Ee_“’zcdifh3 +/Cyigh™?
1
+ Ee_arz(v Crul + v/Cspg) (1 + hoL)+/Cyich’/*
1
+ —e_arz%\/ Cdifl’l3/2.
r

Let us define

1
Cu = r_e_arzcdifh(s)/z + v Cait
(2.36) 2

1 —ar 1 —ar
+ Ee 2(v/Cgu + v Cspg) (1 + hoL)+/ Caif + ae 2V hov Cif-
Then we have

Ef(1Git1 — Yornnl) < (1 — ch)Ef(IGk — Yin) + Curch®?

and hence

k
Ef(1Gk+1 — Yornml) < (1 = ch)*MEf(1Go — Yol) + Y (1 = ch)! Cueh™/?
(2.37) j=0

C
< (1= chy*EF(1Go — Yol) + —=h'/2,

Using Lemma 2.3 we get

ACy 1/2
(EIGi = Vs ) = (A0 = ek HES(Go = Yol) 4+ (Z) 1%
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Note that we could also use it to obtain L' bounds (cf. Remark 2.10)
C
E|Git1 — Yaannl < e2(1 = ch¥ T Ef£(1Go — Yol) + 2= n!/2,
c

However, instead we will apply Theorems 2.6 and 2.7. Note that we have

Efi1(IGk+1 — Yk+ynl) < (1 — c1tWE fi(IGk — Yinl) + ElSk4+1 — Ykt 1)nl
and E|Skr1 — Yuynl < \/Cdifh3/2 and hence

k
Efi(IGitt — Yornnl) < (1 — b 'Efi1(1Go — Yol) + >_ (1 — c1h)! V/Caich™/.
j=0

Using f1(x) > e=9"1 x for x € R4 we get

\/Cdifhl/z’

1 1
ElGit1 — Yaannl < e?1(1 — et )T E£1(1Go — Yol) + 4" -

which finishes the proof. [J

PROOF OF THEOREM 1.2. Since our reasoning in the proof of Theorem 2.9 applies for
any coupling of the initial conditions X and Y, we can take the infimum on the right-hand
sides of (2.28) and (2.29) and thus we obtain upper bounds with E f (| Xo — Yp|) replaced by
Wy (L(Xo), L(Yp)). Hence both (1.8) and (1.9) follow immediately from Theorem 2.9 with

Cr=VA &=c,5=(1)12 C/=etl ¢ =cjand € = V1 YEH [
2.4. Euler scheme with randomised (inaccurate) drift. Here we consider
Xi1 = Xi + hb(Xi, Up) + V1 Zis
for k > 0 and compare it with the standard Euler scheme
(2.38) X1 = Xi + hb(Xp) + VhZjs1.
We also note that since Ux and Xy are independent, (1.11) implies
(2.39) V[b(Xk, Up)|Xi] < o (1 + | Xk|*)h*

for any k > 0. Moreover, note that E[|b(Xx, Up)|?| Xx] = VIb(Xk, U)| X1 + |b(Xx)|? and
hence (1.4) and (2.39) imply

(2.40) E[|b(Xe, U [1Xi] < 02 (1Xk|? + 1A% + 212 X4 +2|b(0)|?

for any k > 0. These estimates will be used frequently in the sequel.
Now let us analyse an example that appears often in the statistics literature; see, for exam-
ple, [44, 52] and the references therein, and explain how Assumption 1.3 can be verified.

EXAMPLE 2.15. Let (6;);=1....n and 6; € R?, for all i. Moreover, let U = (U;);—1....s be
a collection of s independent random variables, uniformly distributed over the set {1, ..., m}.
We define
m R _ m S n
2.41 b(x)=)» b(x,0; d b(x,Up)=—) b(x,0y).
(2.41) (x)=)Y b(x,0;) and b(x,U) sZ(x uy)

i=1 i=1
In applications of Bayesian inference m corresponds to the size of the data set and may be
large. Consequently, the generation of (X )72, is costly. One then hopes that a randomisation
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strategy will reduce the computational cost without introducing significant variance. Notice
that

Elb(x,U)] = Z]E b(x,00)] = ZZb(x 0)PWU; = j)

ll]l

__Zzb(x 0; )_Zb(x 0;) = b(x).

i=1j=1

On the other hand, we have

S m 2
Elb(x, U) — b(x)|* = E‘? > b(x,00) =Y b(x,0)
=1 i=

K 2
! Z(mb(x u,) — Zb(x 0; ))

i=1 i=1

=E|-

5%

3 ZE’mb(x ou;) —Zb(x 0;)

i=1

§|H

= Z Z mb(x,6;) — b(x))*

i=l1j=I
1 A
= <sm > b(x,0,)% — sb(x)z),
j=1

where we used the fact that ml;(x, Ou;) — > B(x, 0;) are centered, independent random

variables. This implies that if for all & and x we have |13(x, 0)|? < C(1 + |x|?) with some
constant C > 0, then condition (1.11) can indeed be satisfied. Then we have

— 2 m2
Elb(x, U) = b(0)|* < —C(1 + |x’)

and hence in order for (1.11) to be satisfied, we need to have m?C /s < o2h® for some con-
stants o, & > 0, which means that we need to choose s and & so that s ! < h“. However,
this can give us a constant o> of order m?, which can be very large in applications. In or-
der to reduce the variance, a sensible choice seems to be to consider subsampling without
replacement; see, for example, [44]. More precisely, we define an estimator

bY"(x,U) := Zb(x 0,)Z;.
i=j
where (Z; ) _ are correlated random variables such that P(Z; = 1) = .-, S P(Z;=0)=1- %

and P(Z; =1,Z; =1) = (| )/( ) for any i, j € {1,...,m} such that i # j. Note that

this definition of 5" corresponds to sampling s terms from the sum defining b without
replacement; see, for example, Lemma B in Section 7.3.1 and Problem 7.26 in [42]. It is
immediate to check that this estimator of b is indeed unbiased. As for the variance, we have

m 2 m m
( Z X, ej)zj) = ’?—2(2 b(x,0)*V(Z;) + ZZb(x,Gj)b(x,Gi)Cov(Zi,Zj)>.
i=j j=1

j=li#]

| 3
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s(s—1) 2 s(1- )

Moreover, it is easy to check that Cov(Z;, Zj) = =1 s_2 = — =D and hence
V(Y (x, U)) = (Z (1 - —> - ZZb(x 0,)b(x,6;) - )>
=1 n J=li#j m(m —1)
_m b(x)
(-2 Bl -2

where the last equality comes from the easily verifiable identity

m R b 2
Z(b(x,ej)— Z)) = (Zb(x 0,)° ——ZZb(x 0))b(x, 9))

j=1 J=li#j

Hence we see that the variance of the estimator »™°" is equal to the variance of b multiplied
by (1 — %). Thus, assuming again that for all 6 and x we have |b(x, 0> < C + |x]?), we
see that we now need to have
2
m—(l - i)c <o%h®

S m

in order for (1.11) to hold. Since the left-hand side goes to zero when s approaches m, this
method allows us to choose a much smaller ¢ than in the subsampling with replacement case,
if we choose s large enough.

Another possible way of reducing the variance o is via an appropriate rescaling (time-
change) of the SDE (1.7). Namely, it is well known that for any positive definite symmetric
matrix ¥, the SDE dY; = b(Y;)dt + £'/2dW, has the same invariant measure as (1.7).
See, for example, [11, 53] and the references therein for discussions on different choices of
¥ in Monte Carlo algorithms. Hence, instead of considering the drift b and its estimator b
given by (2.41), we can take b(x) = % 7 b(x,6;) and b(x,Uy) = % i_1b(x,60y,) and
we can consider a Markov chain

Xir1 = X+ h— Zb(Xk, Ou,) +Vh/mZit.
i=1

This corresponds to choosing ¥ = (1/m)I in the SDE. Intuitively, for m > 1 this choice re-
duces the variance of the algorithm at the cost of slowing down convergence of the Markov
chain. In other words, in our bounds in Theorem 1.4 the term C,h%/* becomes smaller,
whereas W) (L(Xy), ) becomes larger (since the contractivity constant ¢, in Theorem 1.2
becomes smaller). A precise analysis of this trade-off falls beyond the scope of the present
paper and is left for future work.

By applying Theorem 2.5, we can prove the following result.

THEOREM 2.16. Let the assumptions of Theorem 2.1 and Assumption 1.3 hold. Let h €
0, ho A 137 A 1). Then for any random variables X, Xo and any k > 1 we have

4L2
242)  Wa(L(Xw), LX) < (AQ = ch)*E.f(1Xo — Xo|))"/* + (@) e/t
and
(2.43) Wi(L(Xy), LX) < e (1 — ch)*E £ (1 X0 — Xol) + e“”%ha/z,

where c is given by (2.13), A is given by (2.15), Cryy is defined in (2.47) and « is specified in
condition (1.11).
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PROOF. We will need to use an auxiliary chain (Sy)72,, that at each step k is moved to
the position of X and then evolves as (2.38), that is,
Sk41:= X + hb()_(k) + \/Ezk+1.

We define a new process (G)po, coupled to (Sx)72, according to the prescription (2.7).
Using the notation introduced in (2.8), we set

(2.44) Git1 = Vm.u(Xi, Gk, Zks1).

In other words, we have G4+ = Gy + hb(Gy) + «/ﬁikH for some i.i.d. normal random
variables (Zk),?il that are determined via the coupling. Note that we have L£(Gy) = L(Xk)
forall k > 1 if Gy = Xp.

We apply now Theorem 2.5 and we have

Ef(IGk+1 — Xet1l)

v 1 —ar v 2
.45 < (1= chEF(Gx = Xe) +E| eI = K

1, _ _
+E[(1 + (G = Kul(1 + hoL) +J%))|Sk+1 - Xk+1|].

Note that by (1.11) we have E|b(Xy, Ux) — b(Xp)|? < 02(1 + E|X¢|?)h* and hence, using
Jensen’s inequality,
E[Sks1 — Xip1] = hE|b(Xy) — b(Xx, Up)| < o2 (1 + E| Xy )

Moreover, we have uniform bounds on the moments of (G)2, due to Lemma 2.13. Hence

we only need to control the moments of (X i)reo- To this end, we can repeat the reasoning
from the proof of Lemma 2.13 to obtain the following result.

1/2

LEMMA 2.17.  Let (Xx)$2, be given by (1.10). Let h < ho A
k > 1, under Assumptions 1.1 and 1.3, we have

E|X;|?> < Cu,

4L2+2 s A 1. Then for all

where
2ho|b(0)|? +d + My + hoo'?

2.46 Cigul := E| X0/

The proof can be found in the Appendix. Now we come back to (2.45) and we have

Ef(IGis1 — Xis1])

- 1
<1 —chEf(IGx — Xkl) + r—e—%zh““(l + Cigul)
2

+IE<1+ —m(chu+m)a+hoL>+f))oh”"‘/2<1+CIEu1>”2-

Hence if we define

1
Crne = Ee‘“%zhf{”(l + Cigul)
2.47) + <U + (7 ~2(/Cgu + v Ciea) (1 + hoL)

1
+ a—e—“”/%)(l + Ciea) 2,

rn
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we get
Ef(IGks1 — Xit1]) < (1 — cWEf (|G — Xi|) + Crah! ™/

and we can finish the proof as in the previous section, obtaining
(2.48) Ef(IGrs1 — Xis1]) < (1 = ch)* T 'Ef(1Go — Xol) +
From this (2.42) and (2.43) follow easily due to Lemma 2.3. [

PROOF OF THEOREM 1.4.  Since Wa(L(Xy), ) < Wa(L(Xy), L(Xk)) + Wa(L(Xx), 7)
and an analogous inequality holds for the W distance, it is easy to see that Theorem 2.16
with Xo = X implies (1.12) and (1.13) with

- AC 172 - C
Gy = ( Iult) and G = e Iult’
C C

respectively. [

REMARK 2.18. Note that the bound from Lemma 2.17 can be generalised to hold for

all pth moments of X; for p > 1. More precisely, for any p > 1 we can prove that under

conditions (1.14) and (1.15), there exists a constant C; ()

h and for all £k > 1 we have

(2.49) E|X;|” <P

Eu > 0 such that for sufficiently small

In order to see this, we first need to show an analogous bound for the Euler scheme (2.25)
with accurate drift as in Lemma 2.13, under (1.14). This follows for example, from Theo-
rem 2.1 and Remark 2.4 in [45]. Indeed, note that (1.14) implies that for any p > 2 we have
(x,b(x))|x|P~% < My|x|P~% — M;|x|? and hence for the generator L of the solution to the
SDE (1.7) for the function V (x) = |x|? we can show

1 1
LV () ={VV (@), b)) + 5 AV () = plx|”{x, b))+ 5 p(p = DIx| "2
1
< pMalx|P™% = pMulx|” + S p(p = Dlx|P ™

1 1
—(pM1 —epMy — Sep(p - 1)) I + (PMz (- 1>>C<e, ).

where & > 0 can be arbitrary and C (g, p) > 0 is such that |x|?~2 < ¢|x|? 4+ C (e, p) for all
-2
x € R? (i.e., we can choose C(g, p) > (”g—;z)pT — 8([78—;2)%). Hence, if we choose ¢ such

that ¢ < M /(M + %(p — 1)), we obtain a Lyapunov condition LV (x) < —pV(x) + C
with some positive constants p, C > 0. Observe that Theorem 2.1 and Remark 2.4 in [45]
imply that under a stronger condition, namely, LV (x) < —p(1 + V(x)) for all x € R? (cf.
(2.8) in [45]), we get (2.49) for Euler schemes with accurate drifts. However, by analysing
the proof in [45] it is easy to see that their condition (2.8) can be replaced by the weaker
condition LV (x) < —pV(x) + C. Namely, in the last calculation in the proof of Theorem
2.1 in [45], the inequality E(1 + V(X;11)) < (1 + (—p + A)WE( + V(Xx)) will be then
replaced by E(1 + V(Xk+1)) <(A+(—p+phEQ1+ V(X)) +(C+ p)h. Then by iterating
we obtain E(1+ V (Xii1)) < ePHPEDIE 1V (X)) + C + p and the desired bound for
the accurate drift case follows. Now, using (1.15) and following the argument from the proof
of Lemma 2.17, it is possible to extend this result to Euler schemes with inaccurate drifts. We
leave the details to the reader.
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2.5. Multi-level Monte Carlo. In this section we focus on Euler schemes with inaccurate
drifts. However, the reader who is interested only in MLMC in the accurate drift case, can
easily recover relevant results by replacing (X 1) pe defined in (1.10) with (X;)72,, defined in
(1.1) and Assumptions 1.6 with Assumptions 1.1. Note that in such a case certain quantities
featured below simply vanish, which only makes our calculations easier.

Let us start by briefly explaining the motivation behind considering Monte Carlo estima-
tors of the multi-level type. A typical strategy for approximating fRd g(x)m(dx), is to resort
to the standard Monte Carlo estimator where the average is taken “over the space”. More
premsely, we fix the time T = kh for some k > 1, we generate N i.i.d. samples (X} )N , of

X}, defined in (1.10) and compute the Monte Carlo average
|
(MCA) AMCA(T 1, N (g) = Nzg(Xzi)-

The aim is to find the optimal allocation of the parameters (terminal time 7', number of MC
samples N and the size of the time-step %) to achieve required mean-square-error. We can
compute

241/2
mse(AMNT, h, N)(g)) : [ ( f g(x)m (dx) — —Zg Xj ) }

< [(/Rdg(x)(n(dx) _Mkh(dx))) }1/2

+ [(E[g(in)] — E[g(X0])*]"?
N 241/2
+[ ( [¢(X0)] ‘—ZngH |

i=1

where g := L(Yr). The three error terms are: bias (due to finite time simulation) that we
can estimate due to [13] with explicit constants if g is Lipschitz, that is, Wi (L(Ykn), w) <
e MW (L(Yy), ) or due to [31] if g has polynomial growth; weak time discretisation error
studied in Theorem 1.5 from which we know that |E[g(Yxn)] — E[g()_( 1| < h, and the vari-
ance of the Monte Carlo estimator that we also control uniformly in time due to Lemma 2.17.
Hence we have AMCA(T, h, N) <e T +h+1/+/N. We fix € > 0 and set AMCA(T b, N) <
€. This leads to the following choice of the parameters T ~ A~ loge, h ~ e, N ~ ¢~2. The
computational cost is then given by cost(AMCA(t b, N))=Th™'N ~ (log €)e 3. The above
cost should be compared with € =2 that holds for the MC estimator in the case when we have
access to unbiased samples.

The recently developed MLMC approach, [17, 21, 25], allows us to reduce the computa-
tional cost of (MCA). The idea is to introduce a family of Euler discretisations with varying
time-steps. Fix L > 0. For £ € {1, ..., L} let us define h’ := In our analysis we consider
M =2, for simplicity. We define

(250) X(k+1)h[ - h[ +b(th[’ E Z)hZ +Z£+]’

MZ

where Z{ i1 = Wiy DRt~ Wipe and (U hf) t—o are mutually independent and such that for
any x € R? we have Eb(x, kh@) =b(x).Foralll €{l,..., L} and all T such that T = kh*
for some k > 1, we introduce appropriate modifications of (2.50) denoted by (X ;,e’ X ;’6)
such that C(XJTF’E) = 5()_(;’6) = £()_(§) for £ € {1, ..., L}. Hence we have

L

(251 E[g(X5)] =E[g(X)] + Y E[g(X]*) — g(X5 ).
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This identity leads to the following unbiased estimator of E[g(X )], for T = kh® with some
k>1:

N N
1 M ¢ Py o
AMIMC (7 1 (NpYe) (g) ——Zg x7) +Z Z (e(X7") — (X)L,
No =i Ne i
where X5/ and X5 fori e {1, ..., N¢} d. samples of X}:* and X¢* ivel
T T s Y are 1i.1. samples o an T > respectlve y.

We assume that the samples across the levels (each summand in Z) are independent, hence

Var(AMME(T, L, (Np)e)(9)) = —Var( (X77)

(2.52)
+ Z & Var((s X570 — g (X)),

If the samples at each summand in ¢, that is, (X L X fheb= 1) are appropriately coupled

for each ¢, then Var(f(Xle 6) — f(X’TC o 1) decays when ¢ increases. As a result MLMC,
with optimally selected parameters, combines many simulations on low accuracy grids (at a
corresponding low cost), with relatively few simulations computed with high accuracy and
high cost on very fine grids. One has the following error decomposition:

mse(AMME(T, L, (N (g))

= [ ([ sman - 2L (Nm)(g))z} :

= [(/Rd g () (dx) - “T(dx))>2]l/2 +[(E[g(¥r)] - E[g(X 5]

+ [E(E[g(X")] — AMME(T, L, (No)e)(9))7]'.

Note that the first two errors are the same as for the standard MC and the only difference will
come from the variance of the MLCM estimator. In order to evoke to the classical Multilevel
Monte Carlo complexity analysis, note that we applied telescopic sum estimator to E[g(Y71)]
rather than directly to [ra g(x)7(dx). In view of the analysis for the standard Monte Carlo
we choose T ~ A~ log € and hence we need to multiply the final cost of MLMC by the factor
loge.

Observe that in analysis of an MLMC estimator the crucial part is to investigate the be-

haviour of the pair of processes (X khf’ lihef 1) for any fixed ¢ € {1, ..., L}. Hence, to

streamline the notation, from now on we drop the superscript £ and we will work with

Y v/ v/ f
X&—H)h = X + (X Ukh)h +VhZii1,

(2.53) ‘ f
X(k+2)h - X(k—H)h + b( (k+1)h> U(k+1)h)h + \/Ezk—&-Z
and

where 2k+2 = (Zis1 + Zk42)/+/2. Thus ()_(;fh),fio is a process on a fine grid and ()_(,ih),‘jio
is a process on a coarse grid that moves twice less frequently than (X ;(fh),fio
For the condition with the telescopic sum (2.51) to hold, it is required that for all k € N,

E(ka;l) = L(Uf;,). Taking as an example subsampling considered in Example 2.15, we see
that this condition forces us to take the same number of samples at each step of the algorithm.
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We also assume that (Uk];l)lfozo are mutually independent so that (2.52) holds. The random

variables (Uf,)72, can be chosen as indepedent of (U, kfh),fozo, although coupling them in an
appropriate way can help to further reduce the variance (see Remark 2.21).
We impose the following assumptions.

ASSUMPTIONS 2.19. We assume that

e Random variables (Uj{);,)keN and (Ug,)ken are such that for all k € N, E(U,'();l) = LUg,).
e There are constants L, > 0 and &, > 0 such that for all x € R¢ we have

255 Elb(x. Uf,) +b(x. Ufyppyy) — 2b(x. UG) P < Lu(1 + xP)h%  Vk = 0.
We have the following result.

THEOREM 2.20. Suppose Assumptions 1.3, 1.6 with L=L,K=K,R=TR, and As-
sumption 2.19 are satisfied. Then there exists a process (Gk),‘:io such that L(Gy) = L(X I{h)
forallk >1if Gy = )_(g and we have

- - _ _ A. .
E|Gy — X5,)* < A( = ch)*E.f(|Go — X§|) + A - CiMLult ) mingar., 1) /2

forall h € (0, hg A ﬁ A 1), where the constant Cympul IS defined in (2.58), ¢ is given
by (2.13) and A is given by (2.15).

This result allows us to construct an MLMC estimator with L levels and good variance
bounds by using couplings (G, X§,)- Namely, we start by considering the coarsest level

£ =0, we take )_(,fh = )_(,9 and define the process (Gk),fio as explained in the proof of Theo-

rem 2.20, which corresponds to the finer level £ = 1. Then we treat thus obtained ((_}k)}:io as
a new coarse process and we repeat our procedure L — 1 times.

REMARK 2.21.  Assumptions 2.19 can be easily satisfied by choosing the random vari-

ables Uk];l, U (’; +1yp and U «» independently and then using condition (1.11) to verify (2.55).
Then we obtain o, = . However, we would like to point out that such an approach to getting
a bound on the variance of our MLMC estimator is not necessarily optimal. We believe that

using more involved couplings of U, (},: s U, k];l and Uy, could lead to o > o and hence to
an improvement of the rate that we obtain above. We will consider this problem in our future
research.

PROOF OF THEOREM 1.7. Itis shown in Giles [18] that under the assumptions
@56  [E[g0rn) —g(Xz][ S ()T Varlg(Xp') - g(XpH] < (1),
for some @ > 1/2, B > 0, the computational complexity of the resulting multi-level estimator

with accuracy ¢ is proportional to

-2 B>y,

€
C=1s2 logZ(s) B=v,

g 2-U=P/a o < B <y,
where the cost of sampling at level ¢ is of order 4~¢”. Theorem 1.5 tells us that in our

case & = 1 while Theorem 2.20 with G = )_(8 gives f = min(a,, 1)/2 since g is Lipschitz.
The cost of sampling at level £ is proportional to (h¢)~!, hence y = 1. Hence an overall
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cost of approximating E[g(Y7)] is of order e ~2~(—min(@e.1)/2) " Consequently, the cost of
approximating [ps g(x)mw(dx) is e~ 2~ (I—min(@e,D/2) 150 ¢ In particular, if we verify condi-
tion (2.55) by using (1.11) as explained in Remark 2.21, we have o, = « and the cost is
¢~ 2~ (I=min(@,1/2) 155 ¢ Hence the best gain that we can get is when we manage to choose
oe =1 (or o = 1), which gives us 8 = 1/2 and the cost € >/?log e, which is a half order of
magnitude better than the standard Monte Carlo approach. [

REMARK 2.22. In [19], authors considered a telescopic sum in two parameters, time-
discretisation and time ¢ (length of the chain). We could also apply this idea in the current
setting, which would lead to the reduction of overall cost by loge.

REMARK 2.23. As our primary interest in the present paper was to study the general
randomised (inaccurate) Euler scheme, we refrain from comparing the complexity of the
subsampling algorithms described in Example 2.15 with their multi-level counterparts. In
that example one would need to take into consideration additional cost of simulating a step
of Euler scheme (m for accurate gradient and s for inaccurate gradient). We leave the details
to the interested reader.

2.5.1. Variance bound for the inaccurate drift case.

PROOF OF THEOREM 2.20. We consider the processes ()_(,{h),fio and ()_(Ekh),‘fio defined
via (2.53) and (2.54), respectively. We will obtain a bound on the variance by applying The-

orem 2.8 to X (’; +2)h and X fk +2)h We consider the process (S‘kh),fio defined for k € 2N by
St n = Xy, + hb (X5, Uf) + v Zih,
Stk+2yn = St 1yn + hb(Ses1)ns U(];:H)h) +VhZisa.

We also need the process ((_}k),fio coupled to (Skh)iio via

(2.57) Gir1 = Vm.u(Gr. Sen» ULy, Ziyr),

for all k € N, where we use the notation from (2.23). Then we have £(Gy) = L(X {h) for all
k>1if Gy = )_((J; . Applying Theorem 2.8, we obtain

Ef(}ékﬂ - )_(Ek+2)h|)

~ < 1 —ary| @ vc 2
<(- Ch)Ef(|Gk+1 - S(k+l)h|) +E ge |S(k+2)h - X(k+2)h|

o _ _ .
+ E[(l +oe “2(1Grt1 = S+ 1yl (1 +hoL) + /h70)> |Ste+2)h — ka+2)h}]
Note now that

1 _ _ B}
E[(l e (1Gierr = Sarnnl(1+ hoL) + /%)>|S(k+2)h - ka+2>h’]

1 _ - -
— (1 + ae “VZ\/%)E}S(k+2)h - XEk+2)h|

1 _ _ _ _
+oe “2(1+hoL)E[|Gk+1 — S+nl - [Sr2)n = XGegoynl] =2 11 + I

and we have

1 _ _ _ .
L < ¢ (1 + hoL)(E|Gist — Sges1nl?) " - (E[Sun — Xeia|)'?
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Now we use Minkowski’s inequality and Lemma 2.17 to estimate

Gkl — St Dh < Gkt Stk+1)h <V Cigul Stk+1)h .
(E|G S )2 < (B1Gi1 1)) + (BIS %)'/? < /Crgul + (B3 %)/
Moreover, due to (1.11) we have

E|b(Xfy. UL [P < o (BIXG, | + Dh* +2L7E[ X5, [P + 2[bO)

(2h)

< il (0® +2L%) + 0% +2|b(0) ],

where we used h* < 1 and we have the constant

4ho|b(0)|> +d + Ma + 2hoo?
My — 4hoL? — 2hyo?

which is specified as in (2.46) but with A replaced by 2h. If we denote

2h oc|2

Cism := Clal) (0% 4+ 2L%) + 0% +2|b(0)|?
then we get
(E1Sarnl®)"? = (BIXg, +hb(XE,, UL, + VhZi )
< (B[X, ") + (WEIB(XE,, U D)' + (BEI Zin )
< Cil +hov/Cism + vhod.

Hence, denoting Ciasp := (y/ Cl(éﬁl) + ho/Cism + ~/hod)? we obtain

I _ _ _
I < e 21+ hoL) (v Cigu + v Crasp) (E|Sk+2)n — ka+2)h|2)l/2-

Now we estimate
E|S+2n — Xl
=E|XS, + hb(X$,. UL) + VhzZiy
+ hb (XS, + hb (X5, UY)
+ V1 Zie1. Ulpy1y) + V1 Ziss — X§y — 2hb(X5y US,) — V2h Zigo |
< 2E|hb(X§;,. U,) + hb(X§,. U(’ZH)h) — 2hb(Xg,. UGy
+ 2E[hb(Xf), + hb(X§y, Ufh) + VhZegr, Ul yyy,) = hb(XEy, Uy
= il + iz.
Note that due to (1.16) we have
b <20 L2E|hb(X§,, UL + VhZii | < 4h*L2Cism + 403 L2d
and due to (2.55) we have
Iy <2021, (1 + B X5, [P h% < 2L, (1 + CEt)h?+ee,
If we denote

_ - —_a)T
CivLdif := (4hoL*Crsm + 4Ld)h(()l “T 2L, (14 Cl(éﬁl))
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then we see that IElS‘(Hz)h -X fk ) 12 < Crmpaigh2T™in@e.D) and we have

1 _ .
b= e “2(1 + hoL)(v/Cigul + v/Ciasp)y/Civpaigh T D/2
and
1 .
= (1 e o ) G e D72,
2

This gives us
Ef(|Grs2— XGioml) <A = cWEf(1Grs1 — Sannl) + Crvpylh ! Tmin@eD/2,
where

I _ 1+min(a.1)/2 I _
CiMLult == —e arZClMLdifh0+mln(a LSt (1 + —e ‘"zx/h—o>v CiMLdif
(2.58) 2 2

1 _
+ ge “2(1 + hoL)(v/Cigal + v/ Ciasp)v CiMLaif-

Now we just apply the contractivity result for processes with inaccurate drifts (Theorem 2.8)
to Gi+1 and Sq41), (note that they are appropriately coupled due to (2.57)) and we obtain

Ef(|Gir2 — X{yanl) < (1= cW*Ef (1Gk — Sonl) + Crvpaph' ™0 D/,

Hence for all £ € 2N we obtain
k—1
Ef(|Gk — X§,|) < (1 —ch)'Ef(|Go — X§|) + (1 — ch)! Crypieh ' Tmin (e D/2
j=0

< (1 —ch)*Ef(|Go — X§|) + %hm(“w”/z.
Using Lemma 2.3 we obtain
E|Gi— K, < AQ — b EF((Go — Kg) + ML mincec 12
with the constant A given by (2.15), which finishes the proof. [

3. Proof of the contractivity result. As we have already remarked in Section 2.2, we
only need to prove Theorem 2.8 and hence we will be working here with inaccurate drifts
with randomness induced by a random variable U independent of Z. Recall that we have
X=x+hb(x,U)and y =y + hb(y, U).

Note that some parts of this proof (Lemmas 3.1, 3.2 and Section 3.3) are based on Sec-
tion 6 in [15]. We include all the details here for the reader’s convenience and in order to
highlight the modifications that need to be introduced in the proofs from [15] in order to ob-
tain L? bounds. The reader who is only interested in Euler schemes with nonrandom drifts
can obtain a direct proof of Theorem 2.1 from the reasoning below by setting X = x + hb(x)
and replacing E[-|U] with E[-] and the assumptions (1.16) and (1.17) with (1.4) and (1.5),
respectively.

We denote R' ;= |X' — Y'|, 7 :=|x — y| and r := |x — y|. We want to show that for any
r € [0, c0) we have

3.1) E[f(R)U] = f(r) < —chf(r) as.

Before we proceed with the detailed proof, let us sketch some main ideas and formulate two
crucial lemmas.
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We proceed by decomposing the Euler scheme step  — R’ into the drift step » — 7 and
the Gaussian step 7 — R’. We have E[ f(R")|U]— f(r) =E[f(RH|U]— f(#)+ f(F)— f(r)
and we will want to use either E[ f(R")|U] — f(7) or f(7) — f(r) (depending on the values
of r and 7) to get an upper bound of the form —chf (r).

The main idea is that whenever we are in the region of space where the contractivity
condition (1.17) holds, we should use the drift step and switch off the Gaussian movement
by applying the synchronous coupling. On the other hand, when the contractivity condition
does not work, we have to use an appropriate coupling to get the desired upper bounds from
the Gaussian step, while controlling the drift step via the Lipschitz condition (1.16).

One of the most important parts of the proof is an application of the Taylor formula to
obtain

FR) = F®) = /PR —7) + fO) (R —F)?

for some 6 between 7 and R’. Hence we see that our crucial task is to control the first and the
second moment of R’ —7. Actually, we will be able to consider the second moment only when
R’ is restricted to a specific interval. In fact we will choose random (only through dependence
on U) intervals

0,7 +~h) if#<~h,
# —~h,7) if# > h.

For such intervals, we will obtain the random variable o (7), for which we have

(3.2) I =

a(F) <E[(R' — )’ Liger) U] as.

The reason for this choice of intervals /; will become apparent from the proof of Lemma 3.2.
Generally speaking, we want to choose a small interval around 7 and it is convenient to take
(7 — ~/h, ") for getting bounds on sup f” on [0, r]. However, we cannot take just (0, 7) if
7 < +/h as the length of such an interval would not have a uniform lower bound and it would
be impossible to get the lower bound in Lemma 3.2, hence we need to take (0, 7 + /) when
7 is small.

From now on, all the relations between random variables in the proof are supposed to
be understood as holding almost surely. Let us first formulate two auxiliary results on our
coupling, which allow us to control the conditional moments of R’ — .

LEMMA 3.1. For the coupling (X', Y') defined by (2.23), we have E[R'|U] =F.

LEMMA 3.2. For the coupling (X', Y') defined by (2.23), if h < 4m?, then we have
~ ~\2
a(M o<y E[(R" = F) Lrrery U],

where a(r) = %co min(~/%, #)h and
1/2 1/2
co = 4min</ u2(1 - e”*I/Z)goo,l(u) du, (1 - eil)/ u3<p0,1(u)du).
0 0

The proofs are based on the calculations from Section 6 in [15] and can be found in Ap-
pendix C.

Before we proceed, let us make a remark about the choice of parameters in our coupling
2.7).
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REMARK 3.3. The choice of m = 4/h/2 in (2.7) means that we rarely make the non-
synchronous step. In principle, we could choose m arbitrarily large, but then from the proof
we see that we would also need to redefine r := r; + 2m, and as r, increases, the constant
¢ decreases to zero. Moreover, we see that A — oo as rp — o0o. This shows that increas-
ing m actually gives us worse constants and hence m should be kept as small as possible.
This is related to the fact that the only place in the calculations where we gain something
from the nonsynchronous behaviour of our coupling is in the lower bound for «, which is
the coefficient near f”. But this supremum is taken over a small interval and actually when
we compute the lower bound for o we only integrate a Gaussian density over an interval of
length [0, v/A1/2]. Everywhere else the nonsynchronous behaviour is actually harmful to our

estimates (due to the convex cost), so it makes sense to take m very small, that is, m = @
and rp =r| +2m =r| + +/ho.

We are now ready to proceed with the proof of Theorem 2.8, which we will split into a few
steps, depending on the size of the argument r. First note that if » = |x — y| > R, then due to
(1.16) and (1.17) we have

F =124+ 2h{x — v, b(x, U) = b(y, U) + ?|b(x, U) = b(y, )|

<1 - 21K + 2L

h2L?
5r(1 — hK + T)

where we used the fact that /1 +x <1+ % for all x > —1. Note that due to Assumptions 1.1
we have K < L and hence the expression under the square root is indeed nonnegative. There-

fore if we choose 4 small enough, we have 7 < r for r > R. More precisely, we will assume
h < K /L?, which implies

W2L2 _hL?, _hL® K _hK
2 2 T 2L 27

hence in fact we have —h K + LZLZ < —hTK and we will later use the fact that for all » > R

we have

(3.3) fﬁr(l—hTI().

However, even if r <R, we can still control the size of 7 due to (1.16). Namely, we have

F= =y +hba. U) = by, U) < (1 +hLR < (1 + hoL)R = ry

for r <’R. This is the condition motivating the choice of 1, that is, if r is in [0, R], then the
application of the drift can increase the distance 7 maximally up to ry.

Having the above basic estimates, we can begin the proof of the easiest case, when r €
[r1, 2]

3.1. Estimates for r € [r1,r2]. Since r > r; > R, we have 7 <r < ry. This means that
the interval (7, r) is contained in [0, r,], where the function f is concave. Hence for the drift
step we have

(3.4 FR) = f@) < f1(NGE =)



NONASYMPTOTIC BOUNDS FOR SAMPLING ALGORITHMS 1563

Furthermore, the derivative of f is bounded from below on the interval [0, r;] by f'(r2) =
e~ %2 which implies

Kh Kh Kh
: "ro) < —Tre—“’z <=L,

where in the last step we additionally use the fact that f(r) <r for r € [0, r2]. Combining
(3.3), (3.4) and (3.5) gives f(r) — f(r) < —KThe_“’zf(r) for all r € [r, r2], which is exactly
what we want. Now we have to show that the Gaussian step does not spoil these estimates.
We need to consider two cases.

(3.5) —

The case of ¥ < rj. Observe that due to our coupling construction, the value of R’ is
always within the interval [0, 7 + 2m] (it can become zero when we jump to the same point,
and if we reflect the jumps then R’ can increase maximally up to 7 + 2m due to the truncation
of jumps by m). Hence the interval with endpoints 7 and R’ is always contained in [0, 7 +2m].
Hence, if 7 <ry, then (7, R") C [0, ri +2m] = [0, r2], where (7, R’) should be interpreted as
(R’,r) if R" < F. Recalling that the function f is concave on [0, r;], by the Taylor formula
we get

E[f(R)U] - f¢) = f' ®E[(R —)U]+E[f"O) (R —7)|U] < f'PE[(R —#)|U]

for some 0 € (7, R") C [0, r]. However, due to Lemma 3.1 we have E[(R’ — 7)|U] = 0 and
hence E[ f(R")|U] — f(r) <O.

The case of ¥ > r1. Here the interval [0, 7 4+ 2m] is no longer contained in [0, r;] and the
function f is convex for arguments larger than r,, so we cannot bound f” by zero as above.
This is why for 7 > r| we use the synchronous coupling and we have E[ f (R")|U]— f(F) =0.

Hence, combining all the estimates from this subsection together, we see that we have
ELf(R)UT = f(r) < =He e f(r) forall r € [r1, r2].

3.2. Estimates for r € [ry,00). Here we deal with the Gaussian step exactly as in the
previous subsection. If 7 < rq, then we can use concavity of f on [0, r;]. Otherwise, for
7 > ry, we use the synchronous coupling. Hence E[ f(R)|U] — f(¥) <0 and we only need
to deal with the drift step. Since » > r, > R, we can bound 7 by using (3.3). However, we
do not know whether r(1 — KTh) is smaller or greater than r», and since the function f is
given via two different formulas for arguments below and above r,, we need to consider two
different cases.

The case of r (1 — KTh) >rp. Since f is increasing, using (3.3) we have

~ Kh 1 —ar 1 —ar Kh 2
(3.6) f(r)Sf(r(1—7>>=;(l—e 2)+Z—rze 2<r2<1—7) —r22).

We want to bound this expression from above by f(r) — ¢’hf (r) for some constant ¢’ > 0
and we know that, since r > rp, we have

1 1
3.7 — (] — 92 —ary(,2 _ .2 )
(3.7) F) = (=) 4 ome™ (" = 1)
A simple calculation shows that we need to find ¢’ > 0 such that

2/’12

(3.8) Le“"2 (—Kh + >r2 <—c'hf(r)
2ry



1564 M. B. MAJKA, A. MIJATOVIC AND L. SZPRUCH

holds for all » > r,. In order for this to be possible, the left-hand side needs to be negative.
Note that —Kh + # <Owhen & < %, which holds due to our choice of /g, cf. (2.9). We

have
K2h? K2h2\ 1
(Kh —~ >f(r) = <Kh —~ >—e—“’2r2
4 4 2ry

K2h?\ /1 1
Kh— (] — W2y — a2 2).
+ ( 2 )(a( e ) 2r2€ r;

Now observe that we can find a constant ¢, > 0 such that

1 _ 1 _ I _
(3.10) E(l—e arz)—z—rze arzrzzfczz—rze aryp2

(3.9)

for all » > rp. Namely, we set

1 ,—aryy _ 1 —ar .2
a(l e ) 2),2@ r

1 ,—ary;2
¢

)=

We know that ¢» > 0 since the function g(r) := %(1 —e ) — %e“"r is increasing for all
r > 0 and g(0) =0. From (3.9) and (3.10) we get

Kh— K1 K2h2\ 1
( )f()<(Kh— )_e—arng
1+c¢ 4 )2r
for all r > r. Combining this w1th (3.8), we obtain
K2n? 1 ,—ar
)= 1) - Mf(r) - 20 (e KT
- l+c¢ (1 e—ar) 4 )

The case of r (1 — KTh) <rp. Weagain use the fact that 7 < r (1 — KTh) and f(r) < f(r(1—
KTh)). The difficulty in this case comes from the fact that we need to compare the values of
f given by two different formulas, that is, f(r) given by (3.7) and f(r(1 — KTh)) = %(1 —

et “‘KTh))). We can circumvent this problem by considering the midpoint between r(1 —

KTh) and r, namely, the point r (1 — KTh). We have

s =r(-(1-5))
) A

We have either (1 — KTh) <rporr(l— KTh) > rp. In the former case, we use the fact that

(3.11)

f is increasing to get f(r(1 — KTh)) < f(r) and for the remaining term in (3.11) we proceed
similarly to Section 3.1. Namely, we have

(=) A0 22)= -1 4)
(-

due to concavity of f on [0, r2] and the fact that [r(1 — KTh), r(l — KTh)] C [0, r2]. Now we
use the fact that f'(r) > e~%2 and f(r) <r for r € [0, 2], which gives us

Kh Kh Kh
AU ) e e
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On the other hand, if r(1 — KTh) > ro, then we use the fact that f is increasing to get f(r(1 —
KTh)) — fr - KTh)) <0 and we have f(7) — f(r) < f(r(1 — KTh)) — f(r). Since r(1 —
KTh) > r2, we can use our calculations from Section 3.2. We just need to replace (1 — KTh)
therein with (1 — KTh), and, in consequence, we obtain

1

(-5 -r0=-g=mm (5 -5 o

2 . . .
Note that we have % - Kl—éh > % since h < % by (2.9). Hence, combining all the estimates

from this subsection together, we see that for all » € [ry, 00) we have

Kh %e_mrz Kh

E[f(R)NU] - fr) < f(F)— f(r) < —min(e_ e T —eman) 4

)ro
This is also valid for r € [r, r2], cf. the constant obtained in Section 3.1.

3.3. Estimates for r € [0,r1]. For the drift step we have two cases. If 7 < r, then we just
use the fact that f is increasing and we get f(7) — f(r) <O0.If 7 > r, we will need to use
f(F) — f(r) < f'(r)(F — r), which holds due to the fact that » < r; implies 7 <rj and f is
concave on [0, r1]. We will show later in this section how to bound this term in order to be
able to use it in connection with the Gaussian step contribution to obtain the desired bounds.

For the Gaussian step, we again use that r € [0, r1] implies 7 € [0, r;]. Therefore, by our
coupling construction, R € [0, r; + 2m] = [0, rp] and we can use the fact that f” is concave
on [0, r2]. We apply the Taylor formula (note that the function f is twice differentiable), that
is, we have

E[f(R)|U] = f(®) = f' PE[(R - )U]+E[f"©O)(R —7)*|U],
where 6 is a point between 7 and R’. We bound
E[f"(0)(R —7)*|U]
< E[ sup f"(0)(R — P)2|U]

0e(r,R)
ZE[ sup f//(g)(R/_f)zl{R/GI;}J’_ sup f//(9)(R/—f)21{R'¢I;}|U]
(R 0e(?,R)
<E[sup f"O)(R =) Lgery + sup £ ©O)(R' =) Lrgry|U]
Oel; fe(#,R")
< sup " O)E[(R' P rrer) U],
elp

where (7, R") denotes either (7, R") or (R, 7), depending on the relation between 7 and R’,
I; can be any (random) open interval such that 7 belongs to the closure of I;, in the third
line we use the fact that R’ € I; implies that (7, R") C I; and in the last step we use the fact
that f” <0 on [0, r2] so we can bound the second term by zero, whereas in the first expres-
sion supg;. f”(0) is pulled out in front of the conditional expectation as it is a measurable
function of U.

We also use Lemma 3.1 to get E[(R" — 7)|U] = 0. Hence we have

1
(3.12) E[f(R)U] - f(F) < 52 sup f
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where a(7) <E[(R" — f)ZI{R/elf}lU] and the exact value of a(7) is specified in Lemma 3.2
(note that here 7 < r; = H) for our particular choice of intervals I; given by (3.2). Recall that
for the drift step we get

(3.13) fE = f@)< flrGE—r)

and that due to (1.16) we have 7 = |x — y + h(b(x, U) — b(y, U))| < |x — y| + h|b(x,U) —
E(y, U)| <r + hLr. We would like to replace f'(r) in (3.13) with f’(7), since in (3.12)
we consider supremum of f” on a small neighbourhood of 7 rather than r. Recall now that
f'(r)y =e % for r < ry (here we consider r < r; < rp) and hence f'(r) = e ar—i+7) —
e~ e=alr=1) = f/(7)e=—F) We also have 7 — r < hLr and hence we can bound

FR) = f)< flGE—=r)< f/#eNGFE —r) < f/F)e LT,

where the last step holds for » < 7. Note, however, that for » > 7 we have f(F) — f(r) <0
and hence the bound

(3.14) fF) = f) < [/ R M hLF
holds for all r € [0, r1]. Thus, combining (3.12) and (3.14), we see that we need to show that

1
£ (e ™ M hLF + 5g(f) sup f < —c'hf (r)
I;

for some ¢’ > 0 and for all r € [0, r1]. We will in fact show

1
(3.15) ' Fe M pLr + Eg(f) sup f < —chf (F).
Iy

Note that this implies an upper bound by —chf (r)/2 as long as hL € (0, 1/2). Indeed, we
have r = |x — y| <7+ hLr and thus f(7) > f((1 —hL)r)> (1 —hL)f(r) > f(r)/2, since
f is increasing and concave on [0, r1] and AL € (0, 1/2) by assumption (2.9).

Recall now that
.7+ 7 <V,
"¢ =vh ) itF>h

and f” is increasing on [0, r2], since ' (r) = a%e~* for r € [0, r»]. Therefore

—qe— PV g <Vh,
—qe 97 if # > vh.

We proceed by considering two separate cases, related to the form of the interval /; and,
consequently, the form of the bound « (#) from Lemma 3.2.

sup f// —
Iy

The case of r > Vh. Looking at (3.15), we see that we need to show that
(3.16) e ethlrip %g(f)ae_af < —ché(l — e_“f)
for all # < ry. Recall that () = co min(#, v/2)~/h. We will show that
(3.17) e eahLrip %coae_“f < —cé(l - e_“;).

To this end it is sufficient to show that the left-hand side of (3.17) is bounded by —c/a for all
r €[0, r1]. Hence we need
C N

.1
MR —coa < ——e?
2 a
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Recall that 1 = (1 + hoL)R < 3R /2, since hoL < 1/2 by assumption (2.9). Since h < hg
and we have

3 3 3
h0< 2C01n§ < CO]HE < 1n§ ’
T 27L2R2 T 9L2riR ~ alLn

we see that e*L71 < 3/2. We would like to stress the fact that this bound (and hence the
assumption on /) is to some extent arbitrary and we can modify it in order to have in the last
estimate any number strictly greater than 1 instead of 3/2. We need to have

3 1 c

(3.18) 5Lf — 00 < —Ee”f.

First we need to make sure that 3L7 — coa < 0 holds for all 7 < ry, by choosing @ in an
appropriate way. This is guaranteed by our choice of a = 6Lr|/co made in (2.10), that is, it
is chosen (again to some extent arbitrarily, up to a constant) so that %Lrl = }Lcoa. With this

choice of a we have %L? — %coa < —}‘coa for all 7 < ry and hence in order to get (3.18) we

need to have —Alrcoa < —ge"f for all 7 < ry, which implies that we should choose

2.2 6Lr2

9L-r; -1

c<——e (N
0

The case of F < ~/h. We use the fact that f(#) < 7 and in fact for small 7 these quantities
are close to each other. Coming back to (3.16), we see that we need to show

1 .
(3.19) Ly, Eco\/ﬁae—aﬁ < —che® .
Since & < hy and by assumption
2 2
)< cy;(In2) ’
~ 14412 R?
using once again the bound r; <3R/2, we see that
In2  3¢gln2 3 1
N et e WY R
12LR = 24Lr; 4a a

and we have ¢4V < 2. Hence the left-hand side of (3.19) is bounded (recall that we also have
ethLn < %) by %hL — %cox/ﬁa, which we now need to make sure is negative. We can do this

for example, by making sure that %hL < %co\/ﬁa, which is equivalent to /A < 7, but this is
ensured by our assumption ko < R?/4, since R < r1. Hence we see that the left-hand side of
(3.19) is bounded from above by —coa«/ﬁ /8. Observe that we have e’ < e“*/fl < 2, which

implies —%coa\/ﬁ < —11—6coa«/ﬁe“;. Hence we need to have
1 n R
—Rcoa\/ﬁe‘" < —che?,

which implies that we should choose

3Lr coa

< .
‘=80 16V
Then (3.19) is satisfied and the proof is finished.

4. Weak error analysis.

PROOF OF THEOREM 1.5. The novelty of this proof is in the fact that we are working
with an inaccurate drift. This is what we focus on, while keeping some standard estimates
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left to the reader. We refer to [47] and [33] for details of proofs of weak convergence rates.
Moreover, in order to clearly showcase the main ideas, we present the proof only in the
one-dimensional setting. An extension to the multidimensional case follows in the same way,

although with more cumbersome notation. Let u(z, x) := E[g(Yto’x)], where Y, to’x is a solution
to the SDE (1.7) at time ¢, started from the initial condition x € R at time 0. Since b € C 2 and

g € C* with polynomial growth, we can deduce from [28] that u € C 13(10, T1, R) and that
it satisfies the Kolmogorov equation

(Lu)(t, x) := Opu(t, x) — yu(t, x)b(x) — %8;%”0’ x) =0,
4.1) (t,x) €[0,00) x R,
M(O,X):g(x)’ XER‘

Furthermore, due to our assumption (1.14), Theorem 3.4 in [47] tells us that for any multi-
index I with |I]| < 2 there exist an integer p|;| and positive constants y|7| and I'|;| such that

4.2) |0yu(t, x)| < Typy(1 + |x|P)e N0,
Let T = Mh for some M > 1. We define the continuous extension of (1.10), given by

_ r_
%= Xo+ [ BCRyc. Uy ds + Wi

where 1 (s) = kh for s € (kh, (k + 1)h] and (Uxn){2, are defined in an analogous way as
(U2, in (1.10). It is important to note that X is independent of Uyy,. From the defini-
tion of u we have u(0, X7) = g(X'T). Consequently E[g()_(T)] —Elg(YT)] =E[u(0, Xr)—
u(T, Xo)] due to the Feynman—Kac formula. Then the It6 formula gives

E[g(X7)] —E[g(Y7)]

M

> E[u(T — kh, Xin) — u(T — (k — Db, Xg—1yn)]
k=1

T—kh

>k

<—8,u(T —t, X)) + 3u(T —t, X))b(X (1), Unr))
= Jr—a-nn
2 XX

From now on, let us denote #; := kh Since u satisfies the PDE (4.1), we see that for all
x € R? we have —3,u(T —t,x) + $32,u(T —t,x) = —3,u(T —t,x)b(x). Hence

E[g(X7)] — E[g(Y71)]

+ - 32 u(T —t, 5(,)) dt.

= ZE/ du(T —t, X)) (b(X ), Uniry) — b(Xy)) dt

—Ik—1

M T—1t; _ _ _ _ _
Z / a u(T —t, X;) — axu(T —1, Xn(,)))(b(Xn(t), U,,(t)) — b(X,))] dt

lel

+ZE/ 3 u(T—t,)?n(t))(l;(Xn(t),Un(t))—b()_(,))]dt

tk]

T—ty

M _ _
:Z /.T 8 M(T—I,Xt)_axu(T_t’Xn(l)))

tkl
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X (E(Xn(t), Unwy) — b()_(n(z)))]dl (=Ep
M

+ E

]; T—tr—1

x (b(Xy) — b(X))]dt (= E»)

T—1t; _ _
[(axu(T —t,Xy) — 0 u(T —1t, Xﬂ(l)))

. [0xu(T — 1, X)) (b(X (1), Uno)) — b(X1)]dt  (:= E3).
k=1 k-
We begin by considering the last term, denoted by E3. Observe that

E[0:u(T — 1, X)) (b(Xy1). Unry) — b(X0) |1 X0
=E[0.u(T — t, Xy E[(B(X ) — (X)) Xp]]

< T TOE[(1+ X0 7' - [E[(B(X ) — X)) X y]l]

=TT +200) PEIE[(0(Xy0) — bXD) Xy )2,

where we used E| X, [>P! < Cl(éfll) due to Remark 2.18. Application of the It6 formula and
the fact that b € C; leads to

E[(b(X1) = b(Xye)| Xy

t _ o 1 _ -
=B\ [ BRIy, Uy + 58" (Ko ds | Xy
n

t

< (Z)EHEO_{U(X)’ Un(s))“)_(n(t)]ds’

N~

Cpr(t —n(0) + Cb’/
n

where Cjy and Cpr are bounds on the derivatives of b. By Minkowski’s inequality and (2.40)

(E[|5(X (51, Uns) |1 Xnn])* < 02 (1 Xy | + 1A% + 2L X5 > +2|bO) [

<C(IXywl*+1),
where C :=max(c2 +2L2, 02+ 2|b(0)|2), since i < 1. Consequently

M7y
E3§CZ/

eI =D (r — () dt,
k=171t

with € := T 2 +2Ch )23 €2, +2C3 (Cipa + 1) max(o? +2L2, 02 +2[b(0) ) /2. We

conclude our estimation of E3 by observing that, since |t — n(¢)| < h, we have

M Ty

c> /
k=1"T

—Ik—1 —lk—1

Moy
e T (¢t —n(1))dt <Ch ) / e T=D gy
T
k=1

_ T _h
:Ch/ enT=Dqgr <C
0

Y1
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That completes the estimates of the third term E3. To estimate the second term E;, we calcu-
late

M T—1t _ - - -
ZE/ [(0ee(T — 1, %y) — 9 (T — 1, X)) (6K oiey) — b(X)] dit

M T —1ty, 1 _ _ _ _
<L ZE/ [ A |8xxu(T —t,aX;+ (1 —OJ)XU(,))|dOl|X,,(,) — Xl|2] dt

M T—1t ~ B ) )
< E L t er_VZ(T—f)2p2_1E[(l =+ |Xl‘|p2 + |Xn(f)|p2)|X17(t) _ Xt|2]dt
k=1 k=1
f pa—1 u T=ik —y2(T—t) o 1202 = 2p) 1/2
V3P | Tae (E[(1+ X122 + | X0 ]*2)])
k=1 k=1

X (E[p_(n(t) — th|4])1/2 dt.

The first expectation in the integrand can be bounded using Remark 2.18, while for the second

we write
4

_ _ o _
waanﬁ=ﬂfmmxm»w@nm+wa%JWMm
n

t _
=8((=n0)" [ BBy, Uyl ds +3( = n0)?).

where we use (a + b)* < 8a* + 8b*, E|W (1) — W(n(1)[* = 3|t — n(t)|* and (/’ |g])? <
b—a)P! [ f |g|? due to the Holder inequality.

Since we assume that for all x € R we have E|b(x, U)|* < Cg(l + |x|*), we can now
bound |t — 1(¢)| < h and complete the estimate for E; in a similar way as for E3.

It now remains to deal with E|. We have

T—tr—

M T—t _ _ _ _
ZE/ [(@xu(T =1, Xr) = 8xu(T — 1, X)) (0(Xyry, Upry) — b(Xyry))] dt
k=1

T —1ty
(

x (E[b(X ), Uny) — b(Xy) )/ d

E|oxu(T — 1, X,) — d,u(T — 1, Xy0)[*) "2

—lk—1

T

M
<o (1l + Cra)'/? Z/
ke=1"T

where we used (2.39) and & < 1. For the remaining expectation, since u € C!-3, we have
(T — 1, X¢) — 8xu(T — 1, X))

—1 . S 2\1)2
(E|oxu(T — 1, X;) = 8xu(T — 1, X,0)[7) " d1,

—lk—1

t : oz 1 _
= ( )(—8tzxu(T -5, X))+ aﬁxu(T — 8, Xs)b(Xp(s), Uns)) + —a;’xxu(T _s, Xs)) ds.
n(t

Since u € C13([0, T1, R), we can infer from (4.1) that it satisfies

4.3) = 0,u(t,x)b' (x), (t,x)€[0,00) x R,
0,u(0, x) =g’ (x).

1
Opxu(t,x) — agxu(t,x)b(x) — 583 u(t, x)
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Hence we have

9u(T —t, X;) — dyu(T — 1, X))
t o i _
~ )(8fxu(T =8, X) (0(Xy(s). Up(s)) = b(X)) = deu(T — s, X;)b'(Xy)) ds
n(t
t o a
=/ )(er—yz(T‘”(l +1X5172)[b(Xy5)5 Uyis)) — b(X5)]
n(t

+ CpT1e T (1 4| X;|P1)) ds.

Now we can use the Holder inequality as above with p = 2, take the expectation, use the
Cauchy—Schwarz inequality for [E to separate the terms involving | Xs|, |b(X n(s)> Un(s))| and
|b(Xs)|, use the linear growth conditions (B.1) and (2.40) for b and b, respectively, and then
use the uniform bounds for E|X,|? for all p > 1 as in the previous step. All these efforts
combined give us a constant C > 0 such that

u(T —t, X;) — du(T —1t, Xn(t)) < é(; — n(;))e—()/lM/z)(T—t)‘

Proceeding as before, we finish the estimate of £ and hence the entire proof. [J

5. Further possible extensions. We would like to highlight the robustness of the general
approach presented in this paper by briefly discussing several possible extensions of our
results to more general settings. For the lack of space, we do not cover these additional cases
in detail. However, they are all based on the idea that whenever for a Markov chain (X)z2,,
we have a one-step contraction of the form (2.12) in some (pseudo-)distance function f (see
[15, 40] and the references therein for further examples of such contractions), we can then
use the properties of f to obtain a perturbation inequality such as (2.17) and employ it to
study error bounds for sampling algorithms based on (Xz)2.

5.1. Nonconstant discretisation parameter. Our analysis of ULA in Section 2.3 is
based on the one-step analysis of Euler schemes in Section 2.2. However, we do not
need to use the same discretisation parameter in each step and the proofs of Theo-
rems 2.9 and 1.2 still work in the same way if the discretisation parameters vary be-
tween steps. More precisely, let us consider a decreasing sequence ()72, such that hg <

K 4 1 23 g2 cZ(n2)?
412> K° 20 2712R?’ "4 ° 14412R?
in Theorem 2.9. We consider a Markov chain given by

Xir1 = Xy + hib(Xi) + VhiZgs 1.

min( ), so that all 4y for k > 0 are within the range required

Then in the proof of Theorem 2.9 for each k > 0 we have

Ef(IGkt+1 — Y1y ) < (A — chi)Ef (IGk — Yien,_, 1) + Culthz/z
and hence, instead of (2.37), we obtain

k

Ef(IGk+1 — Y+ nn ) < (l_[(l - Ch1)>Ef(|Go — Yol)

[=0

k /]
+Cu Y <1_[(1 - Chk(ll))hi/zj),

j=0 \I=1
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with the convention 1_[?:1 (...) = 1. This leads to

k—1

W2(L(Xk), 7) = <A<H(1 - chl))Ef(|X0 _ Vo|))l/2

=0

k=17 j 3 1/2
+ (Acult Z(H(l - Chk—(l—l))hk/_J)) ,

j=0\i=1

where Vy ~ 1, and bounds for W can be obtained in a similar way.

5.2. Bounds in the total variation distance. In order to obtain error bounds for ULA in
the total variation distance, we can consider a (pseudo-)distance function with a discontinuity
at zero. Namely, if f : [0, o0) — [0, 00) is of the form

(5.1 f(r) ==al,e0)(r) + f1(r),

where a > 0 and fj : [0, 00) — [0, c0) is a continuous, nondecreasing function, then for all
probability measures u and v on R? we have || — v|tv <2a~! Wy, v) (recall that || —
vlltv = 2infr e [ 10,00 (I¥ — y)7(dx dy) and note that Wi, ., (12, v) = 51l — vl|Tv).
Hence, if for a Markov chain (X)72, we obtain a one-step contraction such as (2.12) in a
(pseudo-)distance based on the function f given by (5.1), then we can use the same reasoning
as in Section 2.3 to control ||£(Xk) — 7 ||Ty. Obtaining such contractions is indeed possible
under our Assumptions 1.1; see, for example, Theorem 2.10 in [15]. Note that the distance
function and all the constants there are explicit (although rather complicated). We leave the
details to the interested reader.

5.3. Bounds without requiring contractivity of the drift even at infinity. Another possible
extension of our results would be to remove the assumption (1.5) of contractivity at infinity
of the drift and replace it with the weaker condition (2.33), that is, to assume that there exist
constants M, M> > 0 such that for all x € R? we have

(5.2) (b(x), x) < My — My|x|?.

Note that in Lemma 2.11 we showed that (1.5) implies (5.2) so the latter condition is indeed
more general. Note that an extension in this direction in the context of Wasserstein contrac-
tions for diffusion processes has been recently obtained in [14], which generalized the results
from [13]. An analogous result directly at the level of Euler schemes has been obtained in
[15], see Theorem 6.1 and Example 6.2 therein. Namely, the authors of [15] showed that un-
der Assumptions 1.1 with (1.5) replaced by (5.2), one can construct a pseudo-distance p, of
the form

(5.3) Pa(x, ) := (a+ C(V(x) + V(¥))Lo,00) (Ix — 1) + fi(lx — yl)

and a coupling (X', Y’) of the Euler scheme (2.1) with a transition kernel p, such that (X', Y)
is contractive in W, , that is, using the notation from Corollary 2.2,

(5.4) Wo,(up,vp) < (1 —ch)W,, (1, v)

with some constant ¢ > 0, for sufficiently small # > 0 and for all probability measures
and v on RY. In (5.3), a and C are positive constants, V is a Lyapunov function and f] is a
continuous nondecreasing function. Since p,, similarly as f in Section 5.2, dominates 19, o)
(up to a multiplicative constant) the contraction in (5.4) allows us to control || L(Xy) — 7 ||TV,
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where (X)p2, is a scheme with the transition kernel p. Moreover, p, also dominates the
truncated Wasserstein distance W{* given by

W*,::'f/ — vy A Dr(dx dy).
1, v) reinf Rded(Ix ylA1)m(dxdy)

Hence (5.4) allows us to control also W{(L(Xy), ). By tracing the proof of our Theo-
rem 2.16, we can then easily extend all these results to chains with inaccurate drifts. Again,
for the lack of space, we leave the details to the reader.

APPENDIX A: COUPLING FOR EULER SCHEMES

In this section we provide a proof that the random vector (X', Y’) presented in (2.7) is
indeed a coupling of two copies of X’. Let us start with the case of H = 0o, that is, without
the truncation based on the distance of the processes before the jump.

THEOREM A.l. The joint distribution of the 2d-dimensional random vector (X', Y')
defined by (2.7) is a coupling of N(x, hl) and N(3, hI).

PROOF. We need to show that Y’ ~ N (9, hl). To this end, we will show that for any
continuous bounded function g we have
Eg(Y') =Eg(H +vh2),
where Z ~ N (0, I). Straight from the definition of Y’ we get
(A.1) Eg(Y)=5L+ L+ 15,
where
. O G+ Vh) Mgl &+ Vi)
11:/ g + Vo) MR AS
R oy &+ Vh2)
05 &+ VhD) A G+ Vh2)
(pgf w &+ Vhz)

L /nzj<m®0.1(2) dz,

L= A‘W gy + R,Q,)”)\/ZZ)<1 - )1{|ﬁz|<m}(p0,l(Z) dz

and

13=/Rdg@+‘/%Z)1{|ﬁz\zm}<ﬂo,1(z)dz.

By substituting u = % 4+ +/Az and using the fact that ﬁwo,l(%) = @z n1(u), we see that

I = /Rdg(u)(gﬂgfhl(u) /\%'e'fh,(u))du.
In a similar way, we can substitute u = y + Vhz to see that
13 = /]Rd g(u)l{lu—ﬁlzm](,%,h](u) du.
In order to deal with I, we substitute u = y + R; 5 Sz and notice that then </iz — R

y) since R; 5 is an involution. Moreover, since R; 5 is an isometry and |det R; ;| = 1, we
obtain

; / ( )(1 wghl(f-i-Rx,y(u—ﬁ))/\wah,(f+Rx,y(u—ﬁ))>
2= g - ~ ~
R? ¢ (X + Ri 5(u—3))

X Vju—p)<my®5,n1 () du.
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1 Rz 5w—3)
Here we also used 7590, I(—Jﬁ )

isometry. If we now note that R; 3(3 — %) =% — J and hence

= @3, n1(u), which again follows from R; ; being an

5 G+ Re s =) =5 ¢ (Re 5 — 9)) =9, (),

we see that

IzZ/Rdg(u)fpgfhl(u)du _Adg(”)(wghl(“)A¢§1,h1(u))du,

which implies that I} 4 I + I3 = [ga g (W) @5y (u)du. O

Now we can consider the general case of (X', Y’) given by (2.7) with H € (0, 0c0). We
can easily check that this is indeed a coupling of N(x, hl) and N (3, hl) by applying Theo-
rem A.1 and observing that for any continuous bounded function g we have

Eg(Y') = 1= mEg (P + VhZ) + V(I + I + I3),

where 11, I> and I3 denote the expressions that appear on the right-hand side of (A.1). Since
we know from the proof of Theorem A.1 that Iy + I> + I3 = [ga g(u)@; 4 (u) du, we get our
assertion.

APPENDIX B: PROOFS OF LEMMAS FROM SECTION 2
B.1. Proof of Lemma 2.11.

PROOF. If |x| > max(R, 22Q1) then

(b(x), x) = (b(x) — b(0), x) + (b(0), x) < —K |x|> + |b(0) || x|
K

< —K|x|?
N R TTO]

|b(0)||x]* = —§|x|2.

On the other hand, if x| < max(R, 2220) then

(b(x), x) < [b(x) = bO)|Ix| + [b(O)||x|

< L(max(??,, @))2 +|b(0)| max(R, 2|b120)|>. 0

B.2. Proof of Lemma 2.12.

PROOF. By the Itd formula combined with (2.33), for 7, :=inf{t > 0: |Y;| > n} we have

tAT,

ElYine,I” = EIY2 + 2E /O (b(Y,), Yy)ds +E(t A 7,)d
t
<EIYoP +1QMa+d) 2 [ ElYin, Pds.

By the Gronwall inequality and the Fatou lemma, we get E|Y; > < (B|Yo|? + 1M, +
d))e ?Mi! Note that the function 7 > re~>M1” is bounded by 2171 for all > 0, which implies
the desired bound. [J
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B.3. Proof of Lemma 2.13.

PROOF. Straight from the definition (2.25) of (X)¢2, we have

E|Xt1)* = EIXe? + Ehb(Xp) + Vh Zig1| + 2E(Xe, hb(Xp) + Vh Zip1).
Now note that (1.4) implies that for all x € R? we have
(B.1) b(0)|* < 2L%1x? +2|b(0)[*.
This, together with the fact that E|Z;4 |2 d and (2.33), implies
E|Xi1]> <E|Xi[2(1 + 4h>L* — 2M 1 h) + (412 |b(0)|* + 2hd + 2h M),
Hence we have

E|Xps1]? <E|Xo?(1 4+ 4h>L?> — 2Mh)* !

k
F2h(2h[bO)* +d + M) Y (1 +4h*L2 —2M k).

Note that if |1 + 4h2L? — 2M;h| < 1, which is equivalent to h < ﬁ = 4L2, then we can
bound the finite sum on the right-hand side by the infinite sum, and the expression next to

E|Xo|? by 1, for any k > 0. This completes the proof. [
B.4. Proof of Lemma 2.14.
PROOF. We have

(k+1h 2
IE‘ f b(Ys)ds — hb(Yip)
kh

2

(k+1D)h e+ Dh .
- E'/kh (b(¥s) = b(Yiw) ds| = hE/ |b(Ys) — b(Yin) | ds

(k+1)h (k+1)h 2
< LZhE/ |Ys — Yin|>ds < 2L2hE (V b(Y,)dr
kh

+ W5 — Wi )
5 (k+1)h K 5 5
<2L h]E/ ((s—kh)/ b(Y,) 2 dr + Wy — Wil )ds

5 (k+1)h ) (k+Dh
<2L h(( sup  E|b(Y,)| )/ (s — kh) ds+d/ (s—kh)ds)
r<(k+1)h kh

:2L2h(( sup E]b(Y)]) +dh):L2h3<( sup E]b(Y)]) +d>

r<(k+1)h r=<(k+1)h

Now we combine (B.1) with Lemma 2.12 and we obtain the desired bound. [
B.5. Proof of Lemma 2.17.

_PROOF.  We argue similarly as in the proof of Lemma 2.13. From the definition (1.10) of
(X1)g2, we have

E|Xi111> = E|Xi > + E|hb(Xi, Uo) + VhZis |* + 2E(Xy, hb(Xy, Up) + VhZis1).
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Note that EE[(Xy, hb(Xx, Ur) + vVhZis1)|Xi] = E(Xy, hb(Xy)). Furthermore, by (2.40)
we have

E[|b(Xx, U)|*1Xi] < o 2(IXel? + 1A% +2L2 X4 +2[b(0)|*.
Hence, using E|Z; 41 |2 =d and (2.33), we get
E|Xi111? < E[Xi|*(1 42020 + 40> L> — 2M k)
+ (26202 + 4R2|b(0) [* 4 2hd + 2k My).
Thus we have

E|Xis1]? <E|Xo*(1+202h% + 4h*L* — 2M h)* !

k
+ (2021% + 4h%|b(0)|* + 2hd + 2k M2) Y (1 +202h% + 4R2L? — 2M k),
=0

where we used h2T* < h? for h < 1. Note that our upper bound on / guarantees that |1 +
202h% +4h?L* — 2M1h| < 1 and hence we can bound the finite sum on the right-hand side
by the infinite sum. Moreover, we bound the expression next to E|Xo|? by 1, which finishes
the proof. [

APPENDIX C: PROOFS OF LEMMAS FROM SECTION 3

The proofs in this section are based on calculations from Section 6 in [15].
C.1. Proof of Lemma 3.1.

PROOF. It is sufficient to consider the case of 7 < H since for 7 > H we apply the
synchronous coupling. Observe that R = | X’ — Y’| can take values 0 (when the coupled
processes jump to the same point), 7 (when they move synchronously) or

S5+ ZMI wzl.
Ix =312
where Z ~ N (0, 1), when they are reflected. Hence we see that in the reflection case X' — Y’
is a sum of two parallel vectors and we have R’ =7 + 2V h (= Ix yl’ Z). However, (%, Z)
can be interpreted as a one-dimensional projection of a Gaussian random vector and hence
without loss of generality we can assume that R’ — 7 = 2/AW, where W ~ N(0, 1) is a
one-dimensional Gaussian random variable.
From the definition of our coupling, we see that if 7 < H, then we have

/ ~ 0 (p?h(t)
E[R |U] —r= 2/ |t|<1 — ,,;7)1{|t|§m}(p0,h(t) dt
—00 @0 h(t)

7/2 20
-2 |z|(1— OZ()) (=m0 (1) di

@7 h( ) *
+[ (—F)—— o tlsm}‘PO,h(t)dt+[/2(_r)l{ltlsm}(ﬂo,h(t)dta
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where the first two terms correspond to the reflection and the next two terms correspond to the
situation in which the coupled processes jump to the same point. By making the substitution
u =t — 7 in the second and the fourth integrals we get

0 —F 7/2
E[R|U] -7 = / (—=20)@q., (1) dt —}—/ Qu + 2?)(pgfh(u)du —i—/o (—2t)g0;'fh(t) dt
—00 —00
—7/2

o0
+[ (2u+2f)<pgfh(u)du+2ﬁ/z(—f)(p6'fh(t)dt
r

-7

72 2 0
= [ g mars [ orgnwdus [ 200 d
—00 ’ —00 ’ 7/2 ’

2 )
+ / 2upy, (u)du = / (—20) g, () dt =0,
—00 ’ ) ’

—r

which finishes the proof. [J

REMARK C.1. Note that if instead of the coupling specified in (2.23), we would just use
the coupling in which the processes are always reflected, we would get

0 7/2 0
B[R] =7 =2 [ tposwydr=2 [ rlgos@dr+2 [ rlgostoyd.
—00 7
which clearly is positive for all 7, and hence the assertion of Lemma 3.1 fails.
C.2. Proof of Lemma 3.2.

PROOF. First observe that just like in Lemma 3.1, without loss of generality we can
assume that R’ — F = 2/hW, where W ~ N (0, 1). We have

2 F/2 @7 ()
E[(R" - 7) lrerlU] = / (=21) ( - = )‘p(),h(t)l{ltlfm}l{f2te[;}1{|f|§H}dt~
- Sao,h(l)
We can therefore skip the condition || < H from now on in our calculations and just add it
again at the very end. Let us deal first with the case of # > +/A. Then I; = (7 — +/h, ) and we
see that 7 — 2t € (7 — +/h, 7) if and only if ¢ € (0, v/h/2). Hence the integral above is equal
to

Vhi2am o, (1)
(C.1) 4/0 t (1 - (pgfh(t))(po,h(t)dt.

Now observe that

e (1) i B2 _p=i?
n:l =e 2h (j1—F|<m)€ 2 <e 2h e2h =g
Po,h (1) -

~2 R
_ﬁ(t2 27472 —12) — e—%(%—tr)‘

Combining this with & < 4m?, we see that the integral in (C.1) is bounded from below by

«/E/Z P2 A
4/ (1 — e 1T D) g0 (1) dt.
0

Now we make the substitution u = T t which gives

1/2 2 N 2
4/ Vhhu*(1 - e 7_*/7””))—2 he_hz_h du
(C.2) i

1/2 (ufi)
—4h/ NG 2vh )go(),](u)du.



1578 M. B. MAJKA, A. MIJATOVIC AND L. SZPRUCH

Now observe that the function s — s(u — s/2) is decreasing for s > u. Moreover, we have
7/~/h > 1 > u and thus we can bound the integral in (C.2) from below by

1/2 1
4h/ u2(1 — "7 2)go.1(u)du,
0

which finishes the proof for the case of 7 > Jh.
Assume now that 7 < /. Then L =@,7 + \/E) and 7 — 2r € I; if and only if ¢ €
NI

—5+, 5). Hence we have

@i, (@)
/2(—2t)2<1— u )sﬂo,h(f)l{lflsH}dt'

0
E[(R' — 7)1 rrer|U z/
[( ) Yrrer U] i o )

Again for convenience we now skip the condition 7 < H. After making the substitution u =
ﬁt and using the lower bound from the calculations from the previous case, we see that the

integral above is bounded from below by
0 7 P 1
-1 _u?
4h/ ut(1—evi' 2’y ——e™ 7 du.
-1/2 ( ) V2m

. . 5 5 ;2 . N

Since u € (—1/2,0), we easily see that ﬁ(uA— ﬁ) 5 - §AO and since 7 < v/ h, we
N I ; 7 .

also have u — r/(2«/ﬁ) > —1, which implies ﬁ(” — z—ﬁ) > /A > —1. We consider the
function g(s) :=e* — 1 — (1 — e )s. We see that g(—1) = g(0) = 0 and there exists sg €

(—1,0) such that g’(s) < 0 for s € (—1, s¢) and g’(s) > 0 for s € (s9, 0). This implies that
e’ —1<(1—eY)sforalls € [—1,0] hence our integral is bounded from below by

4h /_01/2#(—%@ - %))(1 — e YNgo1(u)du

A

4hF 0 ;
_ A —1/ (_ 3y T 2) J
\/ﬁ( ) ~1,2 ! Zﬁu #0,1 (1) du

1/2
> 4V (1 - e_l)f u@o.1 () du. u
0

REMARK C.2. Note that in the proof we only use the reflection behaviour and we disre-
gard the possibility of jumping to the same point. This is due to the fact that the probability
of jumping to the same point decays exponentially fast with # going to zero and hence it
would not contribute to our estimates in a significant way. Hence, for Lemma 3.2 to work,
it would be sufficient to take the reflection coupling. However, then our calculations for the
first moment in Lemma 3.1 would fail (cf. Remark C.1). On the other hand, for the syn-
chronous coupling Lemma 3.1 holds while Lemma 3.2 clearly fails. Hence the (truncated)
mirror coupling given by (2.7) is the only one for which both these lemmas work.
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